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Executive Summary 
Species that spread uncontrollably in areas beyond their natural ranges are termed 
invasive alien species. These species are an increasingly widespread problem, 
adversely affecting all kinds of ecosystems in the world today. Their impacts range 
from community-level changes in species composition, to changes in soil nutrient 
characteristics, alterations in disturbance regimes, and negative impacts on ecosystem 
services such as disruption of the hydrological balance. Prevention and timely control 
of invasion by alien species is therefore an imperative for conservation of native 
ecosystems and biodiversity. Repeated observations and monitoring are a means to 
understanding their behaviour better in order to facilitate action for management. 
While regular field surveys are a useful means of monitoring invasion on the ground, 
the time taken and resources required for large area field surveys are often prohibitive. 
Remote sensing (hereafter RS) is a valuable tool to detect and monitor invasion in 
large landscapes. In this thesis I consider RS as a methodology to monitor invasion by 
first reviewing and summarizing existing literature, and later focusing on a single 
invasive alien plant species — Lantana camara (henceforth Lantana) — in a highly 
biodiverse mixed forest ecosystem in the Western Ghats of India.  
I first did a comprehensive review of literature on RS applications to mapping 
invasion (Chapter 2). I began by studying the various life-forms for which, and 
habitats wherein, RS has proved an effective tool for detecting invasion, listing the 
sensors that were most effective. I found that invasion has been recorded from almost 
all kinds of habitats across the globe, and RS methods have been used in these 
habitats to detect or map invasive species, from areas with dense tree cover to those 
with sparse vegetation. Invasion mapping in tropical forests is more challenging than 
temperate forests, due to the diversity and complexity of the tiered tropical forests, 
and advanced technology such as use of LiDAR or RADAR, as well as fine spatial 
and spectral resolution sensors were the way to facilitate detection. Among invasive 
plant life-forms that could be detected efficiently by RS methods, those that formed 
large dominant canopies or contiguous stands were most easily detected, since 
discriminating them from the background was comparatively easier. I then looked into 
plant traits that were most easily detectable from RS data, grouping them into three 
trait groups — phenological, structural and physiological —  to identify those traits 
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that are appropriate tools for monitoring invasion. Plant phenology traits have been 
easier to map due to long term and repeated RS data availability. While structural 
traits in the vertical as well as lateral or horizontal dimension have been tapped for 
invasion detection, physiological trait mapping has only been restricted to a few 
studies where it is possible to distinguish the amounts of nitrogen or moisture content 
in the canopy. This review also touched upon the area of predictive modelling using 
known data records, which is a newly emerging tool for monitoring. A collaborative 
approach among plant ecologists, RS scientists, simulation modelers, and land 
managers would facilitate advancement of methods to monitor and combat invasion in 
an era of global change.  
I next focused on trying to understand ground-based and over-the-canopy approaches 
to studying invasion using a focal species, Lantana camara (hereafter, Lantana). This 
shrub, a Central American native, is notorious for its invasive behaviour across the 
globe, and has been reported to have invaded several habitat types across India. The 
Western Ghats biodiversity hotspot is a region of extreme significance for 
conservation of biodiversity. While Lantana has been reported as an aggressive 
invader in several locations in the Western Ghats, the Biligiri Rangaswamy Temple 
Tiger Reserve (BRT TR) has undergone recent systematic long-term observational 
studies on the species’ spread, making in-depth investigations possible in this 
location. This tiger reserve is a protected area with very high biodiversity and 
comprises several forest types, predominantly deciduous; almost the entire BRT TR 
has been invaded by Lantana to varying extents. 
Two previous studies have collected detailed field data on Lantana distribution in 
BRT TR. I supplemented the data available for answering my research questions 
following the same sampling scheme as in earlier studies. Plots (5 m x 80 m) were 
laid at the centers of a 2 km by 2 km grid overlaid on the entire study site. Earlier 
measurements taken from these plots that I used for my study were Lantana presence, 
abundance and mean basal area. In addition, I measured Lantana height and 
overstorey tree height at 5 locations within the plots, at distances 20 m apart.  
I chose to look at two ways of understanding Lantana behaviour with respect to its 
surroundings, which would help define possible ways of mapping and monitoring it 
from above the canopy. In both studies I used a model-selection information theoretic 
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approach to bring out the environmental parameters that affect Lantana behaviour. 
The first study (Chapter 3) which focused only on occurrence records of 
presence/absence of Lantana, considered climatic and altitude information along with 
the land cover types within BRT TR to understand its distribution at different scales, 
measured at various buffer distances from the location of observation. The results of 
this study indicated that largely deciduous forest, and specifically moist deciduous 
forest, was highly supportive of Lantana presence. The second study on Lantana 
structure (Chapter 4) concentrated on the variability in Lantana morphological 
attributes, correlating them with the variation in the surrounding biotic and abiotic 
environment. I found that no single environmental variable, on its own, could explain 
the variation in all the descriptors of Lantana structure. However, overstorey tree 
height seemed to play a positive role in explaining variation in Lantana height. This is 
presumably because a taller overstorey canopy allows more diffused light to percolate 
down to the understorey where Lantana can take advantage of it. Elevation turned out 
to be an important predictor for mean basal area of Lantana. Studying the variability 
in structural responses at different parts of the predictor ranges using quantile 
regression also did not call attention to any striking results. The biotic variables which 
characterized overstorey canopy modeled in different combinations together were 
able to contribute to a better portrayal of Lantana structure than most single individual 
variables. This result was important in aiding the RS analysis.  
Finally, I used very high resolution (VHR) RS data to detect Lantana (Chapter 5). I 
adopted an object-oriented technique which would allow easy delineation of the shrub 
in the complex tiered forest of BRT TR. I used two seasonal images, a Geo-Eye 
image for the wet season (January 2011), and a WorldView 2 image for the dry 
season (March 2013), both with a spatial resolution of 2 m, for the processing. The 
object-oriented approach facilitated the use of ground-based structural information 
about  Lantana and other cover types within the landscape that could be distinguished 
easily with a segmentation technique. I used a hierarchical approach of classifying the 
overall land cover at first, later applying spectral and spatial rules to further categorize 
the derived objects into narrower classes to demarcate Lantana in the dense forest. 
Seasonality of RS data along with image texture information and vegetation indices 
assisted this process. This is the first attempt at delineating understorey Lantana in the 
Western Ghats biodiversity hotspot using VHR data with an object-oriented approach. 
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The object-oriented approach using multi-season RS data helped separate out shrubs 
in a spatially explicit manner, with reduction of the ‘salt-and-pepper’ effect that pixel-
based approaches inherently bring in.  
This research helped highlight the importance of RS methods in monitoring a real 
threat to persistence and regular functioning of native ecosystems. It showed that 
specific field-based measurements on invasive species such as Lantana can be used to 
understand their adaptability to environmental parameters and, along with effective 
RS methods, their detection within the landscape can be made possible. Advanced 
techniques such as object-based classification and a hierarchical approach of 
separating overstorey canopy layers and then identifying Lantana within habitat types 
seems to work well in a complex mixed tropical forest. This methodology may 
therefore help mitigate the adverse effects of Lantana spread on the native vegetation 
as well as fauna, as reported from several forest types across the Western Ghats. 
Invasion is a recognized threat to the persistence of biologically diverse communities, 
causing changes not only in species composition but also in the functioning of 
ecosystems. It is therefore imperative that systematic mechanisms for monitoring are 
put in place, so as to gather more information regarding the invasive species' 
behaviour in the alien landscape, and their locations of occurrence. This study is 
accordingly a step towards developing such mechanisms and approaches, proving 
particularly effective for managing invasion at its different stages for conservation of 
healthy native ecosystems.  
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Chapter 1: Introduction 
 
Invasive alien species are those species that, when transported to new locations, are 
able to establish and reproduce giving rise to their colonization and spread in these 
new habitats, causing negative impacts (Richardson et al. 2000, Colautti and 
MacIsaac 2004). Early movements of species from one region to another largely 
occurred by human transportation for horticultural, ornamental or hunting reasons, 
sometimes because they were preferred as familiar species in an alien land, or 
sometimes by accident (Elton 1958). These past transportations and establishments 
were unintended to be invasive, but several accidental invasions have occurred in 
recent years, indicating the continued seriousness of this problem (Pysek et al. 2003, 
Pysek et al. 2012, Lehan et al. 2013). Some recent introductions have also been 
deliberate due to activities such as the pet trade and may result in alien invasions 
(Strecker et al. 2011, Su et al. 2016). Across the world, with more and more trade and 
travel exchanges, the problem of alien species invasions and spread is becoming 
increasingly pronounced.  
Invasion poses a hazard because of the myriad problems that it can cause in the 
ecological and economic domains (Mack et al. 2000) as well as on ecosystem services 
(Pejchar and Mooney 2009). Dealing with invasive species results in huge drains on 
countries’ financial resources (Pimentel et al. 2005). The Convention on Biological 
Diversity, in recognition of the seriousness of the problem, has recently assigned 
invasive species the status of the number two threat to biodiversity only after habitat 
loss (Convention on Biological Diversity 2009). Under the strategic goal B of the 
Aichi targets laid down by the CBD, wherein nations are required to reduce direct 
pressures  on biodiversity, target number 9 is defined to identify and prioritize alien 
species, their pathways, and manage their control. With species invasions garnering so 
much global attention as a significant threat to continued persistence of healthy 
natural ecosystems, it is therefore becoming increasingly important to study the 
phenomenon to understand the mechanisms which allow invasive species to thrive 
and spread. One of the means of recognizing pathways of spread for developing 
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control mechanisms would be to maintain methodical and regular observations on the 
invasive alien species, i.e. monitoring.   
Monitoring 
Invasion has been studied extensively only in the recent past, although the  first 
comprehensive work was done by Elton several decades ago, in 1958 (Elton 1958). 
For understanding the ecology of the spread of invasion, it is imperative that data on 
their occurrence and spread on the ground are reported and collected periodically to 
maintain updated records of information (Pysek et al. 2003, Henderson 2007, 
Arianoutsou et al. 2013, Shackleton et al. 2014). Scientists have expressed the 
importance of studying not only the invasive species themselves and their process of 
establishment (Colautti and MacIsaac 2004), but also the 'invasibility' of landscapes 
for gaining a better insight into the process (Vicente et al. 2010, Catford et al. 2012). 
Long term observations of invasion in a particular area help to understand the 
behaviour of not only the species themselves, but also the ecosystem properties that 
allow them to transform from the stage of 'casual alien' to 'invasive' (Richardson et al. 
2000).  
Early detection of occurrence, regular and systematic monitoring of landscapes as 
well as species, and prediction of their possible spread is vital for land managers to 
decide on mechanisms for mitigation of the threat. While ground based surveys have 
historically provided the main approach for monitoring (Tan et al. 2012), these 
methods are resource- and time-intensive, and extremely difficult to perform 
repeatedly in inaccessible areas. With the advent of advanced rapid assessment 
methods such as remote sensing (RS), monitoring of large areas in a systematic 
repeated fashion is becoming increasingly effective for invasion studies (Huang and 
Asner 2009). 
Remote Sensing data now provide frequent and timely information on large areal 
extents, proving to be a valuable tool for monitoring invasion in several ecosystems 
across the globe. The increasing availability of advanced sensors as well as well-
developed and tested techniques for mapping patterns as well as processes in large 
landscapes makes it efficient and feasible to map and monitor the spread of invasive 
alien species. High spatial as well as spectral resolution sensors provide detailed 
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information to characterize the species in the landscape, while airborne sensors allow 
for rapid and repeated assessments in shorter time frames (Huang and Asner 2009). 
Technological advances such as RADAR, LiDAR and software tools that delineate 
invasion as distinct patches separate from the surrounding landscape are now fairly 
commonly used (Hantson et al. 2012, Bourgeau-Chavez et al. 2013).  
There is a vast amount of information and numerous studies on the use of RS for 
mapping invasion, which deal with different habitats and landscape types, plant life-
forms and traits. Mapping landscapes with remotely sensed data however cannot stand 
independently in its ability to map invasive alien species. For clear discrimination of 
alien invasive plants from the surrounding complex habitats, it is essential that the 
field characteristics of the invasive alien species themselves are well-documented in 
the landscape that they colonize. The morphology of the species and their seasonality, 
as well as landscape characteristics on the ground require to be understood in all their 
complexity.   
Mapping invasion: integrating bottom-up and top down-information 
Intrusion by invasive alien species is made possible, among other causes, by their 
very nature of having adaptive traits (Funk and Vitousek 2007, Van Kleunen et al. 
2010). For invasive species to establish themselves the important driver for adaptation 
and establishment usually is the availability of resources such as light, water, and soil 
nutrients. Thus, in addition to ecological factors such as propagule pressure 
(Lockwood et al. 2005) and competition from native species (Leger and Espeland 
2010), environmental parameters such as light availability due to canopy closure, 
elevation, soil, microclimate, etc., play an important role in deciding where and how 
invasive alien species will grow, spread, and thrive (Daehler 2003). Favourable 
parameters allow increase in fitness, leading to vigour in growth manifested by traits 
such as height, stem girth, canopy spread, etc. In areas with constrained resource 
availability, however, invasive species may show some traits for adaptation to the 
surrounding environment, which also are a reflection of increased fitness to ensure 
survival in the new landscape (Schweitzer and Larson 1999, Caño et al. 2008). This 
ability, called plasticity, allows an organism to adapt to environmental constraints 
(Schlichting 1986). Many studies on differences in fitness amongst paired invasive 
and closely related non-invasive species suggest that success of invaders is largely 
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due to plasticity (Daehler 2003, Davidson et al. 2011). This manifests in their 
morphological form and translates into variability in structural responses across 
different habitats, sometimes even within a landscape.  
 
Thus, to develop a good ecological understanding of an invasive alien plant species in 
a particular landscape, it would be effective to understand its behaviour on the 
ground, but may be hard to standardize from remotely sensed data. It is therefore 
important to characterize these structural responses of invasive alien plants to 
variability in physical and biotic environments such that they are easier to detect and 
subsequently monitor under future management scenarios. Therefore, with a view to 
understand the mechanisms of monitoring invasion at a landscape scale, I take an 
integrated top-down and bottom-up approach to mapping plant invasion in the 
Western Ghats region in India.  
 
Mapping Lantana camara in the Western Ghats 
The Western Ghats biodiversity hotspot in India is a particularly sensitive landscape 
as it supports many endemic species in a narrow area across a large latitudinal 
gradient (Gadgil and Meher-homji 1986); CEPF, 2007). As elsewhere within India, 
most ecosystems in the Western Ghats have been affected drastically by the spread of 
invasive species across elevations, and in areas both with and without anthropogenic 
disturbances (Muniappan and Viraktamath 1993, Joshi et al. 2009, Prasad 2009a, 
Chandrasekaran and Swamy 2010). Several invasive alien species have been reported 
from this biodiversity hotspot at different stages of invasion or spread, including 
Lantana camara, Chromolaena odorata, Ageratina adenophora, Mikania micrantha, 
Acacia mearnsii, Eicchornia crassipes, Parthenium hysterophorus (Rao and Sagar 
2012).   
Among these invasive alien plants, Lantana camara (henceforth Lantana), a Central 
American native woody shrub, is particularly aggressive in its spread, and shows 
immensely adaptive behaviour in all the diverse habitats it is found in. Lantana is 
known to  have been first introduced into India as an ornamental sometime in 1809 
(Cronk and Fuller 1995), although recent studies indicate that it has had multiple 
introductions (Kannan et al. 2013, (Ray and Quader 2014). Anecdotal reports of its 
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presence, spread, and impacts on species important to forestry have been found in the 
early 1900s (Tireman 1916, Hakimuddin 1929, Iyengar 1933). In the Western Ghats, 
newer reports and further ecological studies began appearing only later (Sharma et al. 
2005). Recent studies have looked at several aspects of Lantana spread within the 
Western Ghats region; from reasons for arrival and establishment (Sundaram et al. 
2015), to ecological impacts on plant communities within specific sites (Murali and 
Setty 2001, Prasad 2012) as well as on other taxa (Aravind et al. 2010, Wilson et al. 
2013). Although studies on impacts of Lantana on plant communities abound (Prasad 
2009b, Prasad 2009a, Ramaswami and Sukumar 2011), there are few that study 
possible causal factors such as the environmental parameters that encourage Lantana 
to thrive and spread (Ramaswami and Sukumar 2013). It is therefore important to 
understand the relationship of Lantana — its presence and structural responses — to 
surrounding habitats along with physiographic factors to characterize its variability 
from above.  
Mapping Lantana using remotely sensed data and geospatial techniques has been 
attempted at few locations across the globe (Taylor et al. 2011, Taylor et al. 2012b, 
Project 2016). While it appears that this is possible to be done in tropical forests, the 
caveat remains that it has been attempted largely in areas where Lantana occurs in 
large continuous patches or in secondary forest, where overstorey canopy does not 
pose a barrier for detection of Lantana in the remotely sensed data (Kimothi et al. 
2010, Taylor et al. 2011). Also, predictive modelling using existing presence data 
records and biophysical variables has been attempted for different climate change 
scenarios (Taylor et al. 2012a, Priyanka and Joshi 2013). Very few attempts have 
actually succeeded in detecting and mapping the presence and spatial extent of 
understorey Lantana in its actual site, primarily only using phenological offsets 
(Prasad 2008, Kimothi et al. 2010). While attempts to map Lantana in Indian forests 
have used techniques such as indices (Kandwal et al. 2009), other studies have 
explored options such as Bayesian networks to map Lantana (Dlamini 2012).  
However, the potential provided by combining very high spatial and spectral 
resolution satellite data with advanced methods such as object-based approaches has 
not been tapped effectively for Indian forests. Characterizing the spatial extents of 
spread of understorey Lantana in tropical mixed forests is therefore an area of 
6 
 
research which needs further studies,  possibly creating distribution maps for assisting 
managers in their crusade against Lantana invasion.  
In this thesis, I take an overall approach of understanding the use of RS data for 
mapping invasion at a landscape scale by surveying global research on this subject. I  
then specifically focus on the use of RS to map one particular species — Lantana  — 
in a landscape that has some recorded history of invasion, the Biligiri Rangaswamy 
Temple Tiger Reserve (henceforth BRT TR) in the Western Ghats. The BRT TR 
supports tropical dry mixed forests and has complex physiography supporting 
different habitats and a rich floral and faunal biodiversity. While the earliest records 
of Lantana occurrence in this landscape are from 1934 (Ranganathan 1934), more 
recent studies have reported a rapid spread of Lantana here, and noted detrimental 
effects on the native plant community (Sundaram and Hiremath, 2012, (Sundaram 
2011).  
Such long-term documentation and research on invasion in a particular landscape 
allows for the possibility of developing monitoring mechanisms, which factor in 
traditional field-based information along with technological advancements that could 
possibly aid management. Integration of these together would mean a big leap not 
only for forest managers who struggle with limited resources for reaching 
management goals, but also for scientists from multiple disciplines who are trying to 
bridge gaps between pure thematic science and conservation applications. In this 
thesis I attempt to find possible methods that can fill some of these gaps in invasive 
plants monitoring and management.   
I review RS studies for mapping invasion from across the world (Chapter 2). I review 
several habitats that have been studied for invasion using RS, different invasive plant 
life-forms that have been detected efficiently with RS methods, and then review and 
summarize in detail various plant traits that have been utilized effectively for mapping 
invasion through RS data. I point out some gaps and challenges in using these 
methods and technology, indicate possible solutions, and examine a few techniques in 
predictive modelling that are now emerging, which may engage multi-disciplinary 
scientists in combating invasion.  
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Next, using the focal species Lantana and a multi-level landscape approach, I 
endeavour to understand the invasive shrub's distribution in a study site in the 
Western Ghats that has some documented history of invasion, in three ways. First, I 
assess the occurrence of Lantana and model its preferred habitats at different scales 
using presence/absence data and biophysical habitat conditions in a logistic regression 
framework. This study helps to bring out the importance of habitat types and scales of 
observation on the ground that facilitate the occurrence of Lantana and its likely 
spread (Chapter 3). 
I then examine the variability of structural response of Lantana to variation in 
environmental conditions on the ground. Considering the variation in structural 
parameters such as the height, basal area, and abundance of Lantana as a response to 
environmental parameters that correspond to overstorey canopy characteristics, as 
well as moisture and physiography, I attempt to characterize its overall structure on 
the ground. I use a model selection approach to identify the specific variables that 
contribute most to this structural variability of the shrub across different habitats in 
the landscape (Chapter 4).  
Finally, in a top-down approach, I attempt to map the distribution of Lantana in the 
understorey mixed forests of BRT TR, using very high resolution RS data and two 
comparative approaches — an object-oriented approach and a pixel-based approach 
(Chapter 5). In this process I endeavour to develop a mechanism of hierarchical 
mapping wherein the land cover types are delineated at first, and then these are 
subjected to further classification using a rule-based approach applied to various 
vegetation indices sensitive to the presence of Lantana. This is the first attempt of its 
kind to map Lantana using high resolution satellite data and an object-based approach 
in the Western Ghats. 
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Chapter 2: A Review of Remote Sensing of Invasive 
Plants: Bringing Ecology into the Picture 
 
1. The Problem of Invasive Species Monitoring 
Across the world, problems of alien species colonization and subsequent invasive 
spread in non-native areas are presenting an increasing challenge. Many of the past 
transportations of species to foreign lands were intended for agricultural or 
horticultural exchange purposes, but several invasions have occurred accidentally, 
indicating the continued seriousness of this problem (Pysek et al. 2003, Pysek et al. 
2012, Lehan et al. 2013). Invasion by alien species is induced and controlled by two 
phenomena: species invasiveness — the traits of certain taxa that enable them to be 
invasive; and ecosystem invasibility — the qualities of the ecosystem that make it 
susceptible to invasion (Richardson and Pysek 2006). (Here I use the term invasive 
alien to refer to those non-native species that establish and give rise to reproductive 
offspring in locations distant from their original sites of introduction, leading to 
negative economic and/or ecological outcomes (Richardson et al. 2000, Convention 
on Biological Diversity 2009)). The adverse impacts of invasive alien plants — 
ecological and economic — in introduced environments are diverse and of much 
interest (Mack et al. 2000). Invasive alien species have negative impacts on other 
species (Leslie and Spotila 2001), ecological communities (Prasad 2010), processes 
(Traveset and Richardson 2006, Mangla and Callaway 2008) and ecosystem services 
(Charles and Dukes 2006). The type of impacts range from reduction in native species 
richness and abundance (Woziwoda et al. 2014), to impacts on overall ecosystem 
diversity (Shanungu 2009), alteration in water regime (LeMaitre 2004), soil 
pathogenesis (Mangla and Callaway 2008), and increased risk of disturbances such as 
fire (D'Antonio and Vitousek 1992).  
In fact, the spread of invasive alien species is now internationally recognized as the 
single most serious threat to biodiversity after habitat destruction, with severe impact 
on ecosystem services (Convention on Biological Diversity 2009). The severity of this 
issue has encouraged research and prompted increased support to devising methods to 
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control and manage invasive alien species. Pejchar and Mooney (2009) have provided 
an insight into the economics related to ecosystem services affected by invasive alien 
species indicating that removal of invasive species should be a key component of 
future restoration goals. The prevention and eradication of invasive alien species  
along with the control of pathways of their spread constitutes one of the guiding 
principles laid down in the core Aichi targets of the international Convention on 
Biological Diversity (CBD) for 2020 (Target 9 under Strategic Goal B) (Convention 
on Biological Diversity 2009). 
In order to limit the impacts of invasive alien species (Cook et al. 2007), it is essential 
to prevent their spread by effective management (Brooks and Klinger 2009, Emry et 
al. 2011) and control, based on detailed information. In the first instance, detection of 
invasive alien species occurrence is itself a difficult but necessary condition to be able 
to control their establishment and monitor them periodically. Further, monitoring the 
growth of invasive alien species populations by mapping their occurrence and 
predicting their possible spread has become imperative as a part of preparedness to 
tackle increase in extent or to detect new establishments (Huang and Asner 2009). 
Several programs that use citizen science or distributed georeferenced databases and 
establish linkages between international documentation efforts have been set up for 
monitoring locations of alien invasive species.  
 
2. Remote Sensing for Invasion 
Ground surveys have historically provided the main approach for mapping and 
monitoring invasive alien species (Tan et al. 2012, Shah and Reshi 2014). However, a 
complete reliance on field surveys is limiting as these are extremely time-, resource- 
and manpower-intensive, and difficult to conduct in inaccessible or remote locations. 
In recent years, remote sensing (RS) has become an increasingly popular approach for 
the mapping and monitoring of invasive alien species, with a diversity of sensors 
ranging from moderate to very high spatial resolution, hyperspectral sensors, and 
Light Detection and Ranging (LiDAR) and Synthetic Aperture Radar (SAR) imagery 
(Huang and Asner 2009). Remote sensing data provide extensive areal coverage of 
affected, frequently inaccessible, areas at regular intervals in time, and are thus an 
14 
 
ideal tool for invasive alien species mapping and monitoring in a diversity of 
ecosystems across the globe. Significant advances in RS spatial and spectral 
resolution as well as in spatial and temporal coverage have made it increasingly 
feasible to map and monitor invasive alien species distribution across diverse 
ecosystems, regions and habitats.  
The use of RS as a method for identification, mapping and monitoring of invasive 
alien species has so far largely relied on the use of pattern-based discrimination, 
identifying spectral and spatial patterns of distribution that can be used to characterize 
invasive alien plant species. The increasing availability of high spatial resolution 
LiDAR, SAR and microwave data, have led to anticipation of improvements in 
invasive alien species detection, mapping and monitoring (Walsh et al. 2008, Pouteau 
et al. 2011, Allen et al. 2013, Somers and Asner 2013b, Fernandes et al. 2014, Wan et 
al. 2014). Remote sensing methods for pattern mapping have also advanced in several 
ways by incorporating techniques that consider spatial characteristics of the invasive 
alien plants and their occurrences in the landscape. These include approaches that 
incorporate the characteristics of the plants such as their height or spatial arrangement 
of their occurrence in the field (Hantson et al. 2012). Object-based techniques are now 
considered highly effective in this sphere and have been used in several ecosystems 
from dense forests (Gil et al. 2013) to open wetland ecosystems (Lantz and Wang 
2013).  
Yet, several challenges still persist, and cannot be resolved by increased RS resolution 
alone. For instance, Joshi et al. (2004) presented an excellent assessment of RS and 
GIS tools for mapping invasive alien species, highlighting the fact that non-canopy 
invaders, which form a major group of invasive alien plants, are particularly difficult 
to discriminate using pattern-based RS techniques. In high diversity tropical 
ecosystems, it is also difficult to map invasive alien plant canopies using high 
resolution data when the pixel size is smaller than the size of the crown-cover of the 
invasive plant, resulting in increased variability among spectral signatures that 
constitute single individuals (Nagendra and Rocchini 2008). Huang and Asner (2009) 
provide a comprehensive recent examination of RS for invasive alien plant research, 
recommending that ecological and environmental insights be utilized to identify areas 
that are vulnerable to invasion, thereby complementing the pattern-based ability of RS 
for mapping areas in the early stage of invasion. This could be especially useful where 
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pure RS-based discrimination can be ineffective due to the low levels of invasive 
alien species abundance (Olsson et al. 2011), but where early discrimination is critical 
for effective management (Ouyang et al. 2013). He et al. (2011), in their detailed 
review of the use of hyperspectral RS for invasive alien species mapping, also 
highlight the underuse of such approaches by invasion ecologists. These authors 
strongly recommend further interdisciplinary collaborative research between 
ecologists and RS specialists to advance the current state of understanding of the 
drivers of invasion. 
In congruence with these thoughts, recent work by Schmidtlein et al. (2012) suggests 
that the response of ecosystems to disturbances or stresses — such as invasion — 
could be mapped using an RS approach based on plant functional types. In this study, 
the authors mapped diverse strategies used by plants such as competition, stress-
tolerance and mechanical tolerance, by using aerial hyperspectral imagery in different 
ecosystem types. They found that it was possible to map these plant strategies 
separately with these data, as the plants and the ancillary site information contributed 
to the variation in reflectance pattern. In addition, they suggest that this would enable  
characterization of landscapes based on functional variations as elicited by 
community types composed of  total cover of different species. Similarly, Andrew and 
Ustin (2010) used RS approaches informed by ecologically driven habitat suitability 
modeling to identify areas of increased inundation and salinity that were susceptible 
to invasion by Lepidium latifolium L. invasion in a Californian bay.  
Kennedy et al. (2014) stress the importance of enhanced temporal resolution, and the 
utility of long-term archives provided by satellites such as Landsat, for the 
measurement of ecological trends, interactions and feedbacks in complex ecosystems.  
Such an ecological approach can provide a complementary focus on plant functional 
types and plant traits (Oldeland et al. 2012) that supplements the use of spatial pattern 
for studying invasive alien plants, while assessing ecological phenomena such as 
ecosystem function and ecosystem services (Lavorel et al. 2011) that are impacted by 
the invasion of alien species.  
Invasion is observed in various land cover types that form habitats and provide niches 
for native species. Depending on the climatic, edaphic, and physiographic factors, 
each of these land cover types supports different life-forms of plant species that thrive 
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in the landscape. Further, as invasive plant species proliferate across different land 
cover types and habitats, they adaptively perform different ecological functions. This 
leads to differential abilities of RS techniques to efficiently detect the same invasive 
species in different land cover and habitat types.  
I discuss the ability of RS science to map different land cover types and plant life 
forms, enabling the study and mapping of plant invasion in detail. I then categorize 
plant traits into groups and list out those that have been effectively used in the RS 
domain for mapping invasive plant species. Finally, I discuss gaps and limitations, 
identify the challenges they pose, and explore possible ways of dealing with those. I 
examine the use of, and potential for, interdisciplinary approaches that integrate 
pattern-based RS with insights from ecology.  
This synthesis is based on an extensive review of peer reviewed publications 
(including  journal articles, book chapters, conference proceedings and PhD theses) 
that utilize RS data  for invasive alien species mapping and detection, published 
between 2000 to 2014, searched using the widely used Google Scholar and Web of 
Science database search engines using several pertinent search terms such as 
'invasive',  'alien', 'invasion', 'mapping invasive plants', 'remote sensing for invasive 
plants', etc. I further expanded the study to include papers cited in the examined 
research, conducting a further iterative process to refine my keyword searches based 
on this literature. This iterative process was continued until no further literature was 
found, confirming that I had conducted an exhaustive review of recent literature on 
this topic. No grey literature was reviewed. I draw on this review to highlight research 
that has successfully utilized RS data and methods for studying plant traits, and to 
identify invasive plant traits that merit further research using RS methodology. 
 
3. Mapping invasion in varied land cover types 
Impacts of invasion at the habitat level have been widespread and myriad and are 
particularly important especially because these impacts may be long-lasting, and 
irreversible, leading to regime shifts (Andersen et al. 2009). Change in the biological 
diversity of native habitats due to replacement or suppression of native species by 
invasive alien plants is a worrisome phenomenon for land managers (Manchester and 
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Bullock 2000, Fridley et al. 2007), ecosystem users and conservationists alike. For 
instance, Asner (2008a) documented changes in the 3-dimensional structure of forests 
in Hawaii due to the occurrence of invasive alien plants thereby preventing the 
establishment of native species; on the other hand, Fischer et al. (2009) observed 
changes in the forest understory due to invasive alien tree species that have facilitated 
the growth of endemic understory species.  Even more worrisome are changes 
brought about in the structure of habitats that may in turn affect the relative 
composition and abundance of different constituent species, leading to regime shifts, 
i.e., complete transformations of the habitat type to a habitat dominated by a different 
set of species (Hejda et al. 2009, Gaertner et al. 2014). For instance Yelenik et al. 
(2004) found that invasive Acacia saligna in South African fynbos added to the N 
content in the soil, and removal of this species for management would cause changes 
in recruitment of nitrophilous weedy species, initiating a complete change in the 
biome. Wolkovich and Cleland (2011) thus recommend that  studies on invasive alien 
species should examine impacts not just on individual species, but on overall 
community and habitat ecology. 
Habitat changes consequent to invasion may bring about an increase in vulnerability 
to disturbances such as fire (Brooks et al. 2004). D'Antonio and Vitousek (1992) cited 
several examples from across the world, which indicate that the changes in grassland 
ecosystems brought about by alien invasive species may induce vulnerability to fire 
disturbances. Gaertner et al. (2014) described cases where alien invasive species 
introduce positive feedbacks that lead to increased fire intensity, resulting in a regime 
shift to a habitat dominated by the new species. Ecological functions such as 
biogeochemical exchanges (Hall and Asner 2007) or inter-dependent operations such 
as plant reproductive mutualisms are also affected negatively by invasive alien plants 
(Traveset and Richardson 2006).  
Varied RS tools — sensors and methods — have been used in several diverse habitats 
to locate, characterize, and understand  invasive alien species occurrences. The 
algorithms used range from  parametric (unsupervised and supervised) and non-
parametric classifications, to Support Vector Machines, object-oriented 
classifications, regression models, decision trees, Spectral Mixture Analysis, 
simulation modeling, etc. Other methods used for separation also include texture 
analysis, vegetation indices, phenology metrics, landscape metrics, mixed tune match 
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filtering, etc. I review these with a focus on understanding the habitats in which  
invasive alien plants have been easier to map, and the ecological conditions that make 
pattern-based mapping, and the potential integration of insights from ecology, easier 
or more challenging in diverse habitats. Different habitats are more or less conducive 
to the use of certain types of sensors (Fig.2.1).  
 
 
Fig 2.1. Schematic of various habitat types and indicative sensors used for most 
invasive alien plant mapping within those habitats. 
 
3.1. Grasslands  
Grasslands are a habitat that yield easily to invasive alien species mapping, especially 
because of the spectral and spatial separability of the invasive elements such as 
woody invasives (Mirik et al. 2013b) or shrubs (Ishii and Washitani 2013) as different 
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from the background. Laliberte et al (2004) have shown the utility of aerial 
photographs and Very High Resolution (VHR) Quickbird data in mapping the 
encroachment of shrubs in grasslands in the Jornada region of New Mexico state in 
the USA, using an object-oriented technique. The authors aimed at detecting shrub 
and grass cover changes over a study period of about 70 years using aerial 
photographs. The response of the shrubs to changes in rainfall pattern dynamics over 
this long period was detected. These authors utilized an ecologically guided 
hierarchical segmentation technique, wherein shrubs were separately delineated from 
the overall land cover classes at differing levels of segmentation, demonstrating the 
different scales at which landscapes can be characterized. Some interesting results 
obtained by Huang et al (2009) were related to the unique response of non-native 
species in desert grassland regions to a climatic anomaly. Using climatic data and 
synchronized satellite imagery, they were able to detect Eragrostis lehmanniana Nees 
from the surrounding native grasses as it showed excessive growth response to cool 
season precipitation. This is an excellent example of using ecological information to 
detect alien species from the surrounding native vegetation. 
3.2. Forests 
Mapping invasive alien plant species in forested habitats has been a continuous 
challenge. Most efforts have used either the structural details or the phenology of the 
non-native species to differentiate between native forests and invasion. Methods vary 
from the simple approach of supervised classification of Landsat data along with 
landscape characterization technique (Cuneo et al. 2009) to complex multi-sensor and 
multi-technique approaches such as those used by Asner et al. (2008c).  
Ecological information on phenological variation in the timing of leaf shedding and 
floral onset in invasive alien vs. native species has been frequently used to map 
invasive alien plants in forests. Gavier-Pizarro (2012) used Support Vector Machines 
to map Chinese glossy privet tree, Ligustrum lucidum A.. They monitored its spread 
over 23 years with the help of Landsat data using phenological differences between 
glossy privet, which remains evergreen throughout the year indicated by the high 
reflectance in the NIR band, and the native vegetation which shows signs of drying in 
the summer. Ramsey et al (2002) used the variation in the senescing red and yellow 
colors of the leaves of Chinese tallow, Sapium sebiferum (L.) Roxb., to differentiate it 
20 
 
from the green and brown native vegetation, which is detectable in color aerial 
photography. This distinguishing ecological feature allowed them to use simple 
techniques such as clustering algorithms to separate out the Chinese tallow from a 
single date image, and provide recommendations for use of photographs taken on at 
least three dates during the fall senescence period. While most of these attempts used 
only separability or contrast of invasive alien plants vs. background, an indirect but 
more functional ecological approach to invasive alien species monitoring was taken 
by Hall et al. (2007). They measured upper canopy leaf nitrogen concentrations in dry 
and wet forests among native species (Metrosideros polymorpha Gaudich.) and non-
native species (Morella faya (Aiton)Wilbur.), using remote sensing methods and 
comparing this with field measurements of soil concentrations of nitrous and nitric 
oxide emissions. This information was used to estimate the nitrogen fixing ability of 
the invasive alien plant, which was found to be much higher than the native species. 
Although these kinds of estimates have been done before with extensive ground data, 
the remote sensing approach not only helped them assess the nitrogen concentrations 
and connect them to field measurements of soil chemicals, but also helped them 
extrapolate this at regional scales with less effort and more precision in results.  
Mapping invasive alien species in tropical forests is more challenging than temperate 
forests, because of the complexity and diversity of the background signal presented by 
the large number of species and density of plant populations in tropical regions, the 
high degree of tropical forest vertical stratification, and the high diversity of habitats. 
Studies by Asner et al. (2008a, 2008c) resulted in further ecological insights as to 
impacts of invasive alien species on structural and functional properties of these 
tropical ecosystems. They concluded that differences in the 3-D canopy structure of 
invasive alien plant species as compared to native plant species resulted in changes to 
the amount of light allowed to pass to the understory, preventing the establishment of 
other native tree species. This study thus utilized RS data to provide ecological 
insights into fundamental transformation of the structure of the Hawai'ian rainforest.  
Additionally, challenges in tropical forests are severe particularly for monitoring sub-
canopy invasive alien plants, due to the high top-canopy cover that makes it difficult 
to discriminate differences in the understory (Joshi et al. 2004, Tuanmu et al. 2010). A 
review of a few recent studies shows that a combination of multiple sensors and 
classification techniques works best to map out understory invasive alien plants in 
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forested areas (Wilfong et al. 2009, Kimothi and Dasari 2010, Tuanmu et al. 2010, 
Johnston et al. 2012, Shouse et al. 2013, Ghulam et al. 2014). A slight offset in 
seasonal phenology or leaf-off conditions of the top story native trees vs. understory 
invasive alien shrubs can be capitalized upon for invasive alien species detection and 
mapping (Prasad 2008, Wilfong et al. 2009, Tuanmu et al. 2010, Johnston et al. 
2012).  
Joshi et al. (2001, 2006) used a hybrid combination of GIS techniques, hemispherical 
photography for recording light conditions, and field data from co-occurrence of other 
species, along with remotely sensed data from Landsat ETM+ to map out 
Chromolaena odorata (L.) in the mountain forests of Nepal. Their research 
incorporates trait-based ecological information about the behavior of the species 
under differing light conditions along with co-occurring species information from the 
field, as supplementary information to RS data, to map understory invasive alien 
species.   
In a completely different approach, Pouteau (2011) used VHR data to separate out the 
small invasive alien tree species Miconia calvescens (DC.). This species, which grows 
to shorter heights than the top canopy, was detected by capitalizing on the stratified 
physical structure of tropical forests in a step-by-step approach, separating out the top 
canopy at first with the help of Quickbird VHR data, and then reaching out to the 
lower canopy to separate out M. calvescens using physiographic and climate data. 
3.3. Scrub 
Invasions in scrub habitats such as desert scrub or coastal scrub yield easily to RS 
techniques as the invasive alien species phenology and physical structure can be 
differentiated easily from the scrub vegetation background. Underwood et al. (2007) 
used phenological responses of invasive alien plants to particular spectral wavelengths 
to separate out three different invasive alien species (Carpobrotus edulis (L.), 
Cortaderia jubata Stapf., Eucalyptus globulus Labill.) in coastal sage scrub and 
chaparral habitats. They used traits of the invasive alien plants such as cellulose and 
lignin response to particular wavelengths (2.27 µm), as well as moisture absorption 
capacity of the plants detectable in particular wavelengths (0.9 µm and 1.2 µm) to 
separate these communities out. Huang et al. (2009) used moderately coarse 
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resolution time-series data from MODIS to map out invasive alien shrub species E. 
lehmanniana in a semi-desert scrub grassland habitat in Arizona, USA, taking 
advantage of variations in NDVI responses due to plant biodiversity in native-
dominated vs. invasive-dominated sites. 
3.4. Wetland  
Monitoring of invasion in wetland habitats has primarily been dominated by assessing 
aquatic species such as Eichhornia crassipes Solms. (Underwood et al. 2006, Schmidt 
and Witte 2010). Numerous studies centre on coastal or estuarine wetlands, and many 
of these focus on using multiple sensors, techniques, and the advantage provided by 
spectral separability of water from vegetation (Laba et al. 2008, He et al. 2010, Allen 
et al. 2013). However, other species such as Lepidium latifolium L. and Phragmites 
australis (Cav.) Steud. have also been mapped in wetlands with mixed results (Pengra 
et al. 2007, Hestir et al. 2008). Hestir et al. (2008) found that the significant spectral 
variation exhibited by L. latifolium due to concurrent multiple phenological stages of 
the plant inhibited the implementation of a uniform mapping technique across the 
landscape. However E. crassipes was mapped fairly accurately with a decision tree 
classifier. Also, Egeria densa Planch., being a submerged aquatic plant, showed 
spectral mixing with water and other algae or water constituents, thus requiring the 
Spectral Mixture Analysis method. This study demonstrates that the individual 
ecological characteristics of each species in a landscape should be considered to 
define the methodology for mapping, although the RS data used may be the same. 
Another study using a phenological approach was undertaken by Ouyang et al. (2013) 
for mapping Spartina alterniflora Loisel., in the Yangtze river estuary, taking 
advantage of phenological offsets of invasive alien vs. native plants. A different 
method by Andrew et al. (2010) was built on the ecological understanding of the 
effect of environmental conditions and landscape structure on rate of spread of 
invasion. They used time series remotely sensed data for 5 consecutive years to map 
out the spread of L. latifolium. Using this information in the form of dispersal kernels 
along with landscape parameters such as soil types and height of levees, they 
performed a simulation exercise to model its spread. 
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3.5. Deserts (arctic cold, sandy hot) 
Although invasion is not a common phenomenon in desert lands, some hot deserts 
like the Sonoran and the Mojave desert are reported to be affected by invasive alien 
plant species that spread unrestrictedly. Brenner et al. (2012) used a combination of 
image segmentation and pixel-based classification of multispectral imagery to 
separate out the invasive alien buffelgrass, Pennisetum ciliare (L.) Link., from native 
desert scrub cover in the Sonoran desert. Their higher success rates using 
segmentation (Kappa values 0.85 for non-segmented imagery, and 0.94 for segmented 
imagery) points out the advantage of taking a landscape ecology approach, wherein 
spatial pattern of the species of interest is considered over and above the mixed 
spectral response shown by desert scrub land cover.  The patchy occurrence of P. 
ciliare as a pasture could be delineated as distinct from its surrounding desert scrub 
cover using a segmentation approach, after which the segmented image was further 
input into a classification tree for using ancillary information such as topography, 
climate and physiography. A study on grazing in the Mongolian desert was done by 
Karnieli et al. (2013), who found NDVI and EVI values of Landsat ETM data in the 
grazed areas due to the presence of invasive alien grass species stimulated by grazing, 
which exhibited higher spectral reflectance in the NIR region compared to native 
species. Such insights contribute towards the advancement of ecological approaches 
in RS methods for invasive alien plant studies. 
 
4. Invasive plant life-forms 
Colonization by invasive alien plants is not restricted to particular life-forms or habits 
alone. Invasion is a regular phenomenon among plant forms of all types — trees 
(Pena et al. 2008, Boudiaf et al. 2013), shrubs (Murali and Setty 2001, Kohli et al. 
2006), grasses (D'Antonio and Vitousek 1992, Annapurna and Singh 2003), climbers 
(Greenberg et al. 2001, Murphy et al. 2013), herbs/forbs (Shanungu 2009), as well as 
aquatic plants (Brundu et al. 2013). Different plant life forms are observed to show 
different levels of invasiveness depending on ecological and geographical context 
(Joshi et al. 2004, Joshi et al. 2006, Rasingam and Parthasarathy 2009, Richardson 
and Rejmanek 2011). However, the adaptability or phenotypic plasticity shown by 
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some invasive alien species may induce them to acquire a change in life-form only in 
the non-native invaded areas, which may be a response to limiting resources 
((Davidson et al. 2011); Personal observation). However, techniques of mapping of 
invasive alien plant species have largely been developed and used for upper canopy 
species, i.e., trees, rather than understory life forms such as shrubs, herbs, or grasses 
(Joshi et al. 2004, Tuanmu et al. 2010). This section summarizes a few studies used to 
map each life form and shows how a diversity of techniques can achieve successful 
results by considering species-specific ecological information. Primarily, the 
appropriate use of temporal data — seasonal as well as periodic — for phenological 
monitoring, and cutting-edge technology such as LiDAR or hyperspectral imaging 
helps separate out life forms that form dominant signals in images. Techniques such 
as Support Vector Machines, canopy reflectance modeling, and the use of diverse 
vegetation indices underpin the algorithms used to facilitate this separation.  
4.1. Trees  
Tree species such as Tamarisk (Tamarix spp. L.) (Evangelista et al. 2009, Wang et al. 
2013), African olive Olea europea L. spp cuspidata Wall ex G. Don Ciferri (Cuneo et 
al. 2009), and Prosopis glandulosa Torr. (Mirik et al. 2013b) that invade native 
ecosystems are easy to detect and map as their canopies can be easily delineated even 
by a moderate resolution sensor. Monitoring invasion by a small invasive tree 
(Ligustrum lucidum (Aiton)) over time in tropical forests was attempted successfully 
by Gavier-Pizarro (2012) using medium resolution Landsat data. Finer spatial 
resolution sensors like IKONOS, when considered along with landscape properties 
such as possible locations of occurrence near canals, etc. and spatial properties of 
connectivity, have helped identify species like Melaleuca quinquenervia (Cav.) S.T. 
Blake (Fuller 2005) in denser stands. Stow et al. (2000) used aerial Colour Infra Red 
(CIR) photos to separate out trees of Acacia genus from the background in 
Mediterranean fynbos areas, while Mohamed (2011) used Quickbird for separating 
out P. glandulosa trees from Chihuahuan desert vegetation. These methods essentially 
use the structure and pattern of the trees in contrast to their backgrounds. Object-
based approaches are also recently being considered as the cutting edge to utilize the 
advantages provided by hyperspatial and hyperspectral datasets in delineating 
invasive alien trees as objects separable from the background (Walsh et al. 2008, Xie 
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et al. 2008). Multi-resolution satellite data from multiple sensors in an integrated 
model were used to detect species such as Psidium guajava L. in the tropical 
Galapagos islands (Walsh et al. 2008). However, tree species also form parts of 
intricate mixed canopies in tropical forests where biodiversity is extremely high. In 
such areas, combining data types such as LiDAR and hyperspectral image fusion 
provided the facility to do species-specific mapping or extracting individual tree 
crowns (Asner et al. 2008b).  
Very few studies, however, incorporate some form of ecological knowledge to inform 
the methods of mapping out trees. A good example is where forest structural 
information was used by Pouteau (2011) to map understory M. calvescens in a step-
by-step approach. Here they first delineated overstorey native trees using Quickbird 
imagery, before using a Support Vector Machine classifier to characterize lower 
storeys where M. calvescens occurs. Also, using tree phenology, especially flowering 
periods, proved useful for demarcating trees such as Tamarix spp. in the Colorado 
region of the USA (Evangelista et al. 2009), since the spectral signature in the peak 
green-up and flowering period was distinct enough to be detected in the time series 
analysis. Use of structural or functional traits of species in designing RS methodology 
is vital to improve the technique. 
4.2. Climbers 
Mapping invasive climbers is extremely difficult as they are usually found below the 
canopy, and cannot be remotely detected unless they form some kind of canopy cover 
that can be visualized by remotely sensed data. Recently, however, some comparative 
studies have found climbers to be more predominant or aggressively invasive than 
other life-forms (Lake and Leishmann 2004, Phillips et al. 2010). These climbers are 
extremely aggressive and overtake other life-forms to form a dense top cover. 
Detection and mapping of such climbers has been made possible in some studies by 
using fine resolution satellite imagery and some hybrid classification techniques. 
Pueraria montana (Lour.) Merr., an extremely aggressive weed was mapped using 
airborne hyperspectral imaging and Spectral Angle Mapper techniques by Cheng et al. 
(2007) in Georgia, USA. Resasco (2007) used multi-season Landsat data to map 
Lonicera maackii (Rupr.), an invading herb-vine. Their findings suggest that higher 
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amount of biomass in November should facilitate the use of late-fall imagery for 
mapping this species. 
4.3. Grasses 
Bradley et al. (2006) used multi-spectral medium resolution sensors to map out 
cheatgrass, Bromus tectorum L., in the Great Basin, USA. Using prior ecological 
knowledge of land use variables conducive to its spread, and the higher probability of 
invasion in areas adjacent to those with earlier instances of invasion, along with 
temporal data, the approach proved effective in monitoring the spread over time to 
produce a risk map for the future. Olsson et al. (2011) used multi-spectral imagery to 
detect invasive alien grasses in a heterogeneous desert-mixed scrub environment. 
Their observations indicate that this type of detection is possible only at high 
abundance levels, which may not facilitate land managers who would like to control 
them at much lower densities. Huang et al. (2009) used vegetation indices and 
reflectance from MODIS multi-temporal data to monitor phenological changes in 
landscapes wherein the invasive alien grass E. lehmanniana was the dominant 
invader. Complex grasslands with high native diversity in the tropics also have high 
diversity of invasive alien plants (Lahkar et al. 2011), which needs finer resolution 
mapping of these species for control. The limitations of multi-spectral sensors can be 
overcome by using hyperspectral or other field measurements to detect such details in 
landscapes. The invasive alien grass Taeniatherum caput-medusae (L.) Nevski, was 
detected using a unique approach of field-measured bidirectional radiometric response 
in shrub-steppe region of Idaho by Naupari et al. (2013). The seasonal change in 
phenology of the invasive alien grass due to seedpod filling caused a change in 
bidirectional response, which helped to detect this species separately from 
surrounding grasses. Although in this study, radiometry was measured on the ground 
with field instruments and not with satellite imagery, the technique may be replicated 
using satellite data, informed by such ecological insights into unique ecological 
processes of growth of particular species. 
4.4. Shrubs 
Identifying individual shrubs or clumps of shrubs proves to be an extremely difficult 
task, using standard multispectral data and standard classification techniques. 
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Laliberte et al. (2004) were able to use the separability of shrubs as individual 
crowned objects from a background of grasses in New Mexico. Stow et al. (2000) 
found that separating non-native shrubs of genus Acacia in a Mediterranean fynbos 
landscape was possible with VHR Color Infra Red photography, due to variation in 
plant structure such that the invasive alien Acacias had larger canopies than the native 
fynbos species. Another study separated clumps of invasive alien shrubs, buckthorn, 
among openings in an oak forest using Landsat time series data (Becker et al. 2013). 
The significant contribution of this study was the fact that they used multi-date multi-
season imagery to separate out the buckthorn shrubs, by creating a multi-year image 
stack for detecting subtle changes in their phenology. Buckthorn has an extended 
green period as it leafs out earlier in the year and stays green for a longer time until 
the end of the year. However most shrub invasive alien plants are not so easy to 
separate out from the other surrounding environments which they invade, especially 
when they occur in the understory. Multiple strategies such as multi-sensor data, 
combination of GIS and RS methods, and predictive mapping have been utilized for 
detection and mapping of understory shrubs by several researchers (Joshi 2001, Joshi 
et al. 2006, Wilfong et al. 2009, Ghulam et al. 2014). Prasad (2008) has used the 
phenological offset of bare top canopy of dry forest vs. green understory canopy 
exhibited by Lantana camara L. during the dry season in a narrow timeframe to map 
out the invasive alien shrub. An ecological approach was taken by Joshi (2001) and 
Joshi et al. (2006) for mapping C. odorata. They used response of the understory 
shrub's seed productivity to light conditions as one of the parameters to map C. 
odorata. From this study, they could also indirectly derive conclusions regarding 
other factors such as grazing intensity, which drive the spread of C. odorata. 
4.5. Herbs and aquatic plants 
Mapping invasive alien herbs using remotely sensed data offers challenges because of 
the small size of individual plants, their spectral response and their detectability with 
respect to surrounding landscapes (Dorigo et al. 2012). This is well illustrated by 
work on L. latifolium by Andrew and Ustin (2008). Detection of Solidago altissima L. 
in moist grasslands was made possible only with the use of very high spatial and 
spectral resolution data along with some predictive modeling (Ishii and Washitani 
2013). The problem of separation of S. altissima from the dense surrounding 
grassland was overcome by using early spring imagery, when the annual growth of 
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dense canopy of tall grasses was not complete, and hence the understory herb could 
be seen directly from above. Hunt and Williams (2006, 2007) used medium resolution 
multispectral data along with hyperspectral data and innovative methods such as 
canopy reflectance modeling to detect leafy spurge Euphorbia esula L., 
recommending the use of hyperspectral data together with detailed species-specific 
spectral libraries for efficient mapping of invasive alien species. The aquatic species 
E. crassipes has been mapped using MODIS temporal data over several years as it has 
a good temporal resolution and can be used to track the rapid growth of this 
aggressive invader (Schmidt and Witte 2010, Fusilli et al. 2013). In addition to the 
vegetation information, the authors also used remotely sensed imagery to track water 
quality, which provided insights into the spread of the species due to water 
constituents (Chlorophyll, Total Suspended Solids, and Colored Dissolved Organic 
Matter) that are conducive to its growth. 
 
5. Bringing ecology into the RS picture: Plant trait-based research for 
invasion 
 
RS methodologies can be applied to advance research on aspects of ecology. In this 
section I focus on the use of trait-based research in RS data analysis for studying 
invasive alien plants,  highlighting progress made, as well as areas of further 
development that need to be focused on in future research.  
Kennedy et al. (2014) describe the prolonged availability of RS data at different 
resolutions in various domains as an asset for monitoring ecological patterns and 
processes. Their proposition that RS approaches to ecosystem change are becoming 
closely aligned to ecological disciplines proves valuable when being used for a 
process such as invasion. Specifically, an RS approach to mapping functional traits of 
invasive alien species themselves, or ecosystem functionality, would provide a 
pathway to understanding the causes and associations that bring about invasion. This 
would provide deeper insight into functioning and management of individual land 
units as whole systems to control invasion. Catford et al. (2012) suggest the 
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development of quantifiable indices of invasion to quantify the degree of ecosystem 
invasion, based on ecologically meaningful indicators. They suggest relative alien 
species richness and relative alien species abundance as indices which can be applied 
for comparison of different ecosystems due to their robustness, comparability across 
regions and repeatability (Catford et al. 2012). These indices can be used in 
conjunction with RS data to categorize ecosystems based on the level of invasion. 
Measuring and mapping the impacts of invasion or signs of changes in complexity in 
ecosystems as a consequence of invasion, can provide an indirect way of tracking this 
phenomenon. An exploration of impacts of invasive alien plants detectable by 
mapping could focus on impacts such as allelopathy using simulation studies such as 
those by Liu et al. (2006), changes in habitat structure (Asner et al. 2008a), changes 
conducive to disturbances like fire (Berry et al. 2011), changes in phenology or plant 
responses due to community conversion (Wolkovich and Cleland 2011, Karnieli et al. 
2013). RS mapping methods would thus provide input into understanding these 
ecological processes at various scales.  
Further research can take a more functional or trait-based approach, as is now being 
advocated for  ecosystem services research (Ustin and Gamon 2010, Lavorel et al. 
2011, Schmidtlein et al. 2012, Homolová et al. 2013). Homolová et al. (2013) have 
specifically reviewed the use of RS for plant trait studies. By reviewing in detail 
different categories of plant traits for which RS methods have been used, they indicate 
that traits that measure photosynthetic properties, leaf biochemistry and canopy 
structure are most suited for RS-based detection. A meta-analytical study by van 
Kleunen et al. (2010) which compared various traits among invasive alien and native 
plants found that trait differences based on physiology and growth rates were higher 
in tropical regions than temperate ones, suggesting that regional differences may 
indicate the choice of method and trait of focus.   
Plant traits that yield well to mapping by remotely sensed data are those that can be 
easily detected due to spectral responses. A review of the use of RS data for studying 
ecological function by Ustin and Gamon (2010) indicates that most studies have used 
RS mechanisms to assess ecological functional types, often classified into discrete 
vegetation types at discrete scales, whereas a continuum-based approach is required. 
They describe ecological functioning based on vegetation structural and functional 
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(phenological/physiological) groupings, and subsequently review the evolution of RS 
methods in time — from aerial photographs to advanced digital satellite 
measurements — along with the evolution of increased ability in continuous 
assessment of vegetation function. They propose an 'optical' type approach wherein 
ecological function information is merged with the physics of RS to allow for 
mapping biodiversity at all scales. Thus, they recommend that vegetation functions 
such as chlorophyll-absorption, scattering, reflectance as well as those of leaf-water 
absorption and such others should be directly measurable by RS techniques and 
methods, and transferable over stands or even ecosystems. Development of such 
integrative abilities would enable RS methods to be applicable and scalable from 
localized studies to large area regional studies based on vegetation function.  
The comprehensive review by Homolová et al. (2013) discusses how interactions 
between the electromagnetic spectrum and vegetation influence choice of RS 
instruments, methods, and scales at which this technology may operate for studying 
plant traits (Fig 1. Pg 4, Homolová et al. (2013)). Although research by invasion 
ecologists indicates differential trait behavior among invasive and non-invasive plants 
(Funk and Vitousek 2007, Van Kleunen et al. 2010, Davidson et al. 2011, Godoy and 
Levine 2013, Tecco et al. 2013), yet there is limited research that specifically 
encapsulates trait-behaviour information for invasive alien plants in a manner that can 
be tracked by RS techniques and methods. Among the myriad plant traits that can and 
have been measured by RS technology, it is important to distinguish particularly those 
that have been evaluated effectively by RS data for mapping or differentiating 
invasive plant species in varied habitats and environmental conditions over time.   
Categorizing plant traits into different groups on the basis of the structural, 
phenological and physiological types (Lavorel et al. 1997, Tilman and Knops 1997, 
Ustin and Gamon 2010) I assess the potential for mapping invasive alien plants using 
RS (Table 2.1). 
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Table 2.1. Synopsis table on image and sensor characteristics, RS techniques and methods for detecting invasive alien plant species of 
different life -orms based on specific plant trait groups.   
Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Phenology 
Seasonal progression 
of leaf senescence 
Sridhar et 
al, 2010 
Landsat TM, Single 
image for agricultural 
vegetation 
classification, time 
series of band ratios for 
one year for Tamarisk 30 m 
Field spectra, 
Spectral ratios, 
vegetation indices, 
unsupervised 
classification 
High NIR of invasive, 
different colour 
appearance of invasive 
Tamarisk in Band ratio 
R1,5 and R1,7 colour 
composite 
Seasonal progression 
of leaf senescence 
Somers and 
Asner, 
2013 
Hyperion - 
hyperspectral, Time 
series of six images 
between Aug 2004 and 
July 2005 30 m 
MESMA, Multi-
temporal MESMA, 
Separability Index 
High NIR reflectance and 
lower visible reflectance 
of invasive compared to 
native 
Offset of time of leaf 
senescence of 
invasive vs native 
Ramsey et 
al, 2002 
Airborne CIR, 3-band 
CIR image, Single time-
frame set of images 0.5 m, 1 m K-means clustering 
Spectrally distinct 
invasive in red foliage vs 
native in green and brown 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Seasonal progression 
of leaf senescence 
Andrew 
and Ustin, 
2009 
Airborne hyperspectral 
(HyMap), Single time 
frame set of images in 
first site, Four 
anniversary dates on 
consecutive years in 
one site 3m 
Index 'vis-angle' 
comparison for 
different 
phenological stages, 
K-means clustering 
and supervised 
classification 
Gradual phenology 
change over time and 
space 
Rapid phenological 
response of invasive 
plant to precipitation 
Clinton et 
al, 2010 
MODIS, Monthly 
NDVI 16-day 
composites over 5 years 
time, 6 Landsat scenes  250 m 
Field 
characterization of 
cheatgrass, fitting 
splines to NDVI and 
precipitation data, 
Statistical and 
biological metrics 
of greening, various 
classification 
methods 
NDVI response of whole 
invaded ecosystem 
unstable compared to an 
uninvaded ecosystem 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Floating vegetation 
seasonal response, 
spatial distribution 
and water quality 
Fusilli et 
al, 2013 
MODIS, 10 year 
weekly time series data 
250 m and 
500 m 
Time series of 
Floating vegetation 
index derived from 
NDVI, water 
constituents derived 
from models 
Floating invasive plant 
species spectrally 
separable from 
surrounding water 
Seasonal progression 
of plant growth for 
identifying best 
month for detection 
Evangelista 
et al, 2009 
Landsat ETM+, 6 
scenes spread over 4 
years, seasonal 
variation from April to 
October 30 m 
Predictive modeling 
using reflectance 
bands and 
vegetation indices 
with MAXENT 
software 
Fall season dormancy of 
native plants allowed 
single scene separation 
improvement for 
Tamarisk 
Distinct land surface 
phenological time 
offset from all other 
surrounding land 
covers 
Becker et 
al, 2013 
Landsat TM & ETM+, 
49 images in 2001-2006 
and 2007-2011 time 
period 30 m 
Tasseled Cap 
Greenness, EVI and 
NDVI generation, 
supervised 
classification 
Phenology of buckthorn 
follows a temporally 
distinct pattern from the 
native vegetation 
Offset of time of leaf 
senescence of 
invasive vs native 
Prasad, 
2008 IRS LISS 3,Single date 23 m 
Regression trees 
with spectral and 
terrain variables 
Phenological offset 
between native and 
invasive plants 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Offset of time of leaf 
senescence of 
invasive vs native 
Wilfong et 
al, 2009 
Landsat TM & ETM+, 
Three years, to capture 
phenological 
differences and acquire 
cloud free data 30 m 
Vegetation indices, 
regression 
Seasonal NDVI 
differences in invasive-
dominated area 
Offset of time of leaf 
senescence of 
invasive vs native 
Resasco et 
al, 2007 
Landsat ETM+, 15 
images in fall and 
spring from 1999 to 
2006 30 m 
Vegetation indices, 
band stacking, J-M 
distance 
Leaf phenology  and 
density of understorey 
invasive  
Temporal and spatial 
variability in 
vegetation index 
strength between 
native and non-native 
dominated sites 
Huang et 
al, 2009 
MODIS, NDVI 4 years, 
annual data 250 m 
CV, Regression 
models, Time series 
difference testing 
NDVI temporal-spatial 
values distinct for native 
vs non-native vegetation 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Contemporaneous 
fruiting, flowering, 
senescing vegetation; 
brighter floating 
emergent aquatic 
vegetation; high 
chlorophyll   
Hestir et al, 
2008 
Airborne hyperspectral 
(HyMap),2 anniversary 
sets of images for 2 
consecutive years 3 m 
MNF, Logistic 
regression, Decision 
trees, SMA, SAM, 
Thresholding 
Variable for each species, 
large spectral and spatial 
variability within and 
among species 
Large continuous 
stands, seasonal 
phenological 
variation, leading 
edge of spread of 
invasive species 
Bourgeau-
Chavez et 
al, 2013 
RADAR (Alos 
PALSAR), 3 season 
timeframes  20 m 
Iterative 
unsupervised 
classification, 
Supervised 
classification, 
validation with field 
data 
Seasonality of Phragmites 
during the time frames 
mapped, large stands 
clearly separable 
Phenological offset of 
invasive species 
Shouse et 
al, 2013 
Aerial photo & 
Landsat TM, Fall and 
winter Landsat, Early 
spring Aerial photo 30 m, 0.3 m 
Supervised 
classification, 
Object-based 
classification, 
NDVI thresholding 
Phenological offset 
between native and 
invasive plants 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Phenological offset of 
invasive vs native, 
spring season 
emergence 
Ishii, 
Washitani, 
2013 
AISA  (airborne 
hyperspectral), Single 
image 1.5 m GLM 
Invasives and native 
species spectrally 
differentiable during 
early spring 
Change in dominant 
tree species canopy 
by emergent invasive, 
propagule spread near 
existing invasive 
areas 
Gavier-
Pizarro et 
al, 2012 
Landsat TM and ETM+, 
23 years, 6 images 30 m 
NDVI, Tasseled 
Cap, SVM 
Higher NDVI for 
invasive species due to 
low R and high NIR 
values, denser canopies 
Offset of time of leaf 
senescence of 
invasive vs native 
Kimothi 
and Dasari, 
2010 
LISS 3, LISS 4, 
Cartosat I, 3 season 
images 
23 m, 5.8 m, 
2.5 m 
Resolution merge, 
Texture analysis, 
Classification 
Phenological offset 
between native and 
invasive plants captured 
in spectral data 
Extended phenology 
of invasive during the 
year vs native 
phenology 
Johnston et 
al, 2012 
ALI, Landsat, Single 
date images for each 
sensor 30 m 
Vegetation indices, 
regression 
Phenological offset 
between native and 
invasive plants captured 
in spectral data 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Understorey presence 
of invasive associated 
with particular plant 
communities and 
environmental drivers Joshi, 2001 
Landsat TM, Single 
date 30 m 
Supervised 
classification, visual 
interpretation 
Degraded lands with 
invasive spectrally 
differentiable, NDVI 
value includes shrub 
cover response 
Phenological offset of 
native vs invasive 
species 
He et al, 
2010 
Landsat TM, Quickbird, 
Single date images for 
each sensor 30 m, 0.61 m 
Endmember 
selection by various 
techniques, SMA, 
object-oriented 
classification 
Invasive and native 
spectrally very similar, 
separated only by 
temporal phenological 
differences 
Occurrence of 
monodominant stands 
of invasive along 
wetland area 
Pengra et 
al, 2007 
Hyperion, Single 
date 30 m 
Target detection 
for P. australis using 
pure stands, SCM 
Invasive marsh 
species similar to conifer 
forest class due to mixing 
of deep water and 
vegetation content in 
marshes 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Structure 
Phenological 
offset in spectral 
response and spatial 
behaviour of invasive 
shrub vs native grass 
Moham
ed et al, 
2011 
Quickbird, Single 
date, single image 
2.4 m 
MS, 0.6 m 
PAN 
PAN sharpening, 
Supervised 
classification 
Phenological offset 
between native and 
invasive plants, invasive 
plants occur in clumps 
Location along 
riparian systems, 
texture difference 
from the surrounding 
vegetation 
Ge et al, 
2006 
Aerial photos, 29 
photos, single date 1 m 
Colour separability, 
Texture extraction, 
supervised 
classification 
Colours of invasive and 
native were similar, so 
were texture measures at 
smaller window sizes 
Difference in invasive 
species appearance, 
higher density and 
structure from 
surrounding species 
separable by texture 
measures 
Tsai and 
Chou, 2006 
Quickbird, Single date, 
single image 
2 m MS, 
0.6 m PAN 
NDVI mask, 
Texture analysis, 
PCA, supervised 
classification 
Native acacia and 
invasive Leucena are 
spectrally similar, but 
texturally can be 
distinguished 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Invasive shrub 
species structure 
separable from native 
grasslands due to 
shape of canopy 
Mirik, 
Chaudhuri 
et al, 2013 
Airborne CIR, Single 
date, single image 1 m 
Support Vector 
Machine 
Darker tones in NIR for 
mesquite and juniper 
distinct from each other, 
Reddish tones of each of 
these species distinct 
from each other in CIR 
image 
Higher reflectance of 
invasive species in 
NIR, spread in a 
linear fashion, closer 
to wetlands  
Lantz et al, 
2013 
WorldView 2, Single 
date, single image 
2 m MS, 0.5 
m PAN 
Pan sharpening, 
Indices, Object 
based classification 
Classes were spectrally  
not very separable, but as 
object oriented method 
was used, locations of 
occurrence were 
dissimilar, 8 band data 
helpful in separation 
Woody stems and 
larger size patches of 
taller invasive 
shrubs/trees vs native 
grasses 
Hantson et 
al, 2012 
LIDAR, Airborne CIR, 
Single date CIR and 
LIDAR 0.25 m CIR 
Vegetation height 
from LIDAR, pixel-
based supervised 
classification, 
Object-based 
classification 
Taller woody species 
separable by inclusion of 
LIDAR data in pixel-
based classification 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Multiple traits - 
density, heights, 
occurrence along 
streams, 
environmental 
context and history 
Ghulam et 
al, 2014 
Geo-Eye Stereo images, 
IKONOS, Hyperion, 
Landsat ETM+, 
Radarsat 2, SAR 
(PALSAR), acquired 
simultaneously, 
Multiple timeframes Multiple 
Unsupervised and 
supervised 
classification, 
Terrain 
characterization, 
Spectral library 
generation, MTMF, 
Phase differencing, 
RFDI 
Associations and 
environmental context of 
invasive species 
important 
Variable heights of 
invasive vs native tree 
species, dense nuclei 
of invasive plants in 
fragments 
Asner et al, 
2008 
LIDAR and Airborne 
hyperspectral (HiFIS), 
Single time-frame set of 
images 0.3 - 3.5 m 
Spectral unmixing 
with Monte Carlo 
simulations using 
species-specific 
spectral bundles 
Invasive species much 
higher than native species 
canopy 
Vegetation height and 
density response near 
waterbodies to active 
imaging 
Allen et al, 
2013 
SAR(ALOS PALSAR), 
LIDAR, 3 season 
timeframes for 
RADAR, single image 
for LIDAR  approx 3 m 
Unsupervised 
classification 
SAR + DEM yields good 
spectral separability 
between invasive species 
and background 
41 
 
Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Understorey character 
of invasive, response 
to biophysical 
variables 
Pouteau et 
al, 2011 Quickbird, Two dates 30 m 
GARP, SVM, 
Elevation derived 
biophysical 
variables, multi-
sourced SYM 
fusion, compound 
topographic index,  
None mentioned; fusion 
data yield to biophysical 
variables 
Clustered occurrence 
of invasive species in  
patches, and at edges 
of managed areas 
Walsh et 
al, 2008 
Quickbird, Hyperion, 
Single date image for 
each sensor 
2.4 m 
Quickbird, 
30 m 
Hyperion 
Unsupervised 
classification, 
Object-based 
classification, MNF 
transform, Spectral 
unmixing, Neural 
network subpixel 
classification, 
ecological pattern 
metrics 
Mixing of invasive with 
local vegetation and 
agriculture, shadows and 
understorey vegetation; 
finer scale objects more 
distinct 
Phenological 
response of invasive 
species, its 
occurrence and spread 
over space in time 
Andrew 
and Ustin, 
2010 
Airborne hyperspectral 
(HyMap), 5 anniversary 
sets of images for 5 
consecutive years 3 m 
MTMF, Simulation 
model with 
landscape corridors, 
dispersal rates and 
weather data 
Local spectral variations 
based on vegetation 
physiology 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Spatial spread of 
invasive mesquite 
shrub in grassland 
area over long time 
period 
Laliberte et 
al, 2004 
Aerial photos, 
Quickbird, 11 aerial 
photos over 66 years, 
single Quickbird image 86 cm 
Object oriented 
classification 
Grasses spectrally similar 
to invasive shrubs in 
aerial photos, needed 
other properties for 
separation 
Rapid growth in 
bamboo shoots during 
early season, 
variation in 
understorey species 
over time 
Tuanmu 
et al, 2010 
MODIS surface 
reflectance, converted 
to WDRVI, Time series 
for 4 years 250 m 
Phenology 
metrics from 
MODIS time series 
data, spatial model 
using metrics, field 
data, SDM using 
MAXENT and 
individual species 
characterization 
Significant differences 
in phenology metrics 
Light abundance 
enhances growth, 
spread and seed 
production of 
invasive plant 
Joshi et al, 
2006 
Landsat ETM+, Single 
date 30 m 
Supervised 
classification, and 
artificial Neural 
networks for 
mapping light 
intensity None mentioned 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Lateral and clonal 
spread of invasive 
species along coastal 
dunes 
Kollman et 
al, 2010 
Aerial photos, 14 
images between 1986 
and 2006 
Variable 
between 0.8 
m to 1.2 m 
Digitizing patches 
from aerial photos, 
spread rate 
calculations from 
past data, predicting 
future spread with 
buffers and 
regression models 
Invasive patches were 
clearly discriminated 
from other coastal 
background in aerial 
photos 
Leaf structure and 
biochemistry 
response to spectra 
for submerged and 
floating aquatic 
vegetation 
Underwood 
et al, 2006 
HyMap airborne 
hyperspectral, Single 
time-frame set of 
images 3 m 
SMA, Decision 
trees 
High NIR reflectance and 
higher NDVI values for 
invasive species 
Outbreaks of floating 
aquatic vegetation at 
various depths and 
along stream edges in 
large and small size 
patches 
Schmidt 
and Witte, 
2010 
SPOT 5 multi-spectral 
and panchromatic, Two 
anniversary images for 
two consecutive years 10 m, 2.5 m 
Image fusion, SMA 
with field library, 
SAM with empirical 
thresholding, field 
validation 
Larger areas of 
infestation easily 
differentiable spectrally 
and spatially, early 
infestation or smaller 
patches not so dissimilar 
for separation 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Occurrence and 
spatial orientation of 
estuarine vegetation 
Laba et al, 
2008 
Quickbird, Single date 
for each site 
0.61 m, 2.4 
m 
Supervised 
classification, field 
validation for 
accuracy assessment No clear mention 
Spectrally similar 
invasive plant grown 
for pasture, hence 
occurs in definite 
shape and size within 
the desert scrubland 
Brenner et 
al, 2012 
Landsat TM, Single 
date image 30 m 
Image 
segmentation, 
Binary classification 
tree 
Brightness contrast of 
invasive with surrounding 
native vegetation 
Physiology 
NIR reflectance and 
LAI higher in 
invasive species,  N 
fixing species 
separable 
Somers et 
al, 2012 
Hyperion, Field spectra, 
Separability Index of 
reflectance spectra and 
temporal derivative 
spectra 30 m 
Field spectra, 
Separability Index 
of reflectance 
spectra and 
temporal derivative 
spectra 
Invasive trees have 
higher NIR reflectance, 
higher SWIR reflectance 
of N fixing trees 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Canopy foliar 
volume, carotenoid 
indices, 
photochemical 
reflectance variation 
between invasive and 
native, sensitive to 
climate variations 
Asner et al, 
2006 
Hyperion, 9 images 
between July 2004 to 
June 2005 30 m 
NDVI, 
Photosynthetic 
Reflectance index, 
Carotenoid 
Reflectance Index, 
Canopy water 
retrieval index 
Higher NIR values of 
invasive, higher 
photosynthetic ability in 
extended seasons beyond 
those of native species 
Pigment 
concentration, 
photosynthetic 
efficiency, 
morphological 
properties  
Santos et 
al, 2012 
Airborne hyperspectral 
(HyMap), Single date, 
single image 3m 
Boolean 
classification 
schemes using 
SAM, SMA,  
indices, band 
thresholding, Red-
edge detection, Chl 
absorption 
absorption at 680 
nm 
Difference in reflectance 
spectra in visible range; 
morphological properties 
and pigment 
concentrations cause 
differentiation 
Evapotranspiration 
rates indicating water 
use efficiency  
Meijninger, 
2014 MODIS, 3 years 250 m SEBAL model 
Spectral variation not 
explicitly evident 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Structural changes in 
leaf orientation during 
ripening of seedheads 
Naupari et 
al, 2013 
Field spectro-
radiometry, Simulation 
of MISR sensor bands 
BRF at different 
phenological stages of 
invasive, SAIL model, 
NDVI - 
Simulation of MISR 
sensor bands BRF at 
different 
phenological stages 
of invasive, SAIL 
model, NDVI 
Red BRF and NIR BRF 
at nadir and other angles 
differentiable for invasive 
Variations in 
attributes of invasive 
vs native tree species 
- tree heights, leaf 
orientation, N 
content, moisture 
content 
Asner et al, 
2008 
Airborne hyperspectral 
(AVIRIS) and LIDAR, 
LIDAR modeling for 
terrain and canopy 
surface, Sunlit shade 
masking, Canopy live-
dead fraction using 
SMA 3 m 
LIDAR modeling 
for terrain and 
canopy surface, 
Sunlit shade 
masking, Canopy 
live-dead fraction 
using SMA 
Differences in 
endmember bundles 
illumination, height and 
NPV fraction for native 
and invasive species 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Interannual variability 
in greenness of 
invasive species 
responding to high 
precipitation 
Balch et al, 
2013 
MODIS, 10 years of 
burned area product 
April 2000 to December 
2009 500 m 
Calculations on Fire 
Return Interval, Fire 
Spread Rate, No 
and size of fire 
events, ignition 
points, and 
seasonality 
Invasive cover map and 
certain fire parameters 
overlap to indicate impact 
Large stands of 
invasive Myrica 
increase N gases 
emission, changes 
soil properties, upper 
canopy N 
concentration 
Hall and 
Asner, 
2007 
AVIRIS, Single time-
frame set of images - 
Spectral unmixing, 
Canopy photon 
transport model, 
LAI and spectral 
properties, Lookup 
table for obtaining 
N concentration 
N-oxide variation among 
invasive dominant stands 
vs native dominant stands 
Differences in traits 
of structure, 
phenology and 
biochemical 
properties for 
different invasive 
species 
Underwood 
et al, 2007 
AVIRIS, Landsat ETM, 
Single date images for 
each sensor 4.3 m, 30 m 
Continuum 
removal,  MNF, 
supervised 
classification 
Water absorption spectra 
most distinct from each 
other for maximum land 
cover classes 
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Traits References 
Sensor/Image type + 
Time frame 
Spatial 
resolution Methods 
Spectral 
similarity/Dissimilarity 
+ Spectral property 
used for discrimination 
Higher incidence of 
invasive palatable 
species in pastures 
show higher NIR 
reflectance due to leaf 
cell structure 
Karnieli et 
al, 2013 
Landsat ETM+, 4 
images 30 m 
Vegetation indices, 
Relative Sensitivity 
analysis 
Spectral difference in 
reflectance due to leaf 
cellular structure and 
phenological stage  
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5.1. Phenological traits 
Variation in phenology over seasons perhaps represents the trait that is easiest to map 
with spectral reflectance data (Sridhar et al. 2010, Somers and Asner 2013a). Simple 
methods such as aerial color photography have been used for tapping the changes in 
senescing leaf color of invasive plants from contrasting backgrounds of native 
vegetation (Ramsey et al. 2002). Many species also show spatial variation in 
phenology in response to environmental variation. Fine resolution data have been 
used by Andrew and Ustin (2009) to map out this intra-species spatial variation in 
phenological response in aquatic systems. Time series data proves most effective in 
mapping out invasive alien plants in areas where the native and invasive species are 
offset in phenological responses to seasons (Clinton et al. 2010, Fusilli et al. 2013). 
Evangelista et al. (2009) demonstrated that use of time series of Landsat imagery is 
more effective than single date images for detecting Tamarix spp.  Becker et al. 
(2013) used time series vegetation indices to tap the land surface phenology of 
invasive buckthorn thickets among oak forests. Presence of invasive alien species in 
the lower story or understory as a structural feature has been mapped using the trait of 
phenology. Invasive species in the understory can have an offset in their phenological 
response to seasonal variation as compared with the overstorey canopy species, which 
can be used effectively for mapping them out in areas of dense canopy cover (Prasad 
2008, Wilfong et al. 2009). Resasco et al. (2007) used the offset in the late fall 
phenology of understory L. maackii and overstorey deciduous forest to differentiate  
the invasive L. maackii from the native forest cover.  Phenological differences allow 
for creating and stabilizing competitive niche differences amongst invasive and native 
species. A different mechanism for tapping phenological and growth response traits to 
climatic anomalies was used by Huang et al. (2008) to distinguish between native and 
non-native vegetation in desert grasslands. They observed that wetter, cooler climates 
induced growth of new tissues among non-native species E. lehmanniana, which 
could be detected differently from native species by using EVI.  
 
5.2. Structural traits 
Mapping invasive plants on the basis of their traits to form structurally independent 
units, or spatial aggregated units that are spatially separable within the native 
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ecosystem can be done by simple RS methods such as supervised classifications 
(Mohamed et al. 2011), texture methods (Ge et al. 2006, Tsai and Chou 2006) or more 
advanced techniques such as Support Vector Machines (Mirik et al. 2013a) or object-
oriented approaches (Walsh et al. 2008, Lantz and Wang 2013). Invasive alien plants 
on coastal dunes have been mapped by Hantson et al. (2012) to separate out taller 
woody species from native vegetation using LiDAR and optical RS. If the invasive 
species is an emergent and forms the dominant canopy in a forest, it is fairly easy to 
detect using RS data (Asner et al. 2008c, Gavier-Pizarro et al. 2012). Active remote 
sensing techniques (LiDAR and RADAR) have been used effectively (Asner et al. 
2008a, Ghulam et al. 2014) for mapping the multi-tiered structure of complex 
ecosystems such as forests. Here field ecological knowledge of the of the invasive 
plant presence in particular structural levels of the forest can thus help separate them 
out by focused data gathering on forest stand structure with these techniques. Also, 
radar signals can only help detect structures that are larger than the actual active 
wavelength range of the sensor. In such cases, some prior knowledge of the habits of 
the species of interest may help decide upon the utility of the technology to be used. 
Asner et al. (2008a) have used RS mapping with hyperspatial, hyperspectral and 
LiDAR data to conclude that occurrence of  certain invasive alien plants transform 
ecosystem structure in Hawaiian tropical forests. They found that certain light-
demanding, high-leaf-volume invasive species reach the top canopy and spread out 
causing less light availability for mid-story native woody species as well as tree ferns, 
and precluding the growth of understory native species.    
 
5.3. Physiological traits 
Physiological traits that relate to plant functioning are largely related to resource 
utilization for growth. Plant functional traits related to photosynthesis, such as water-
use efficiency, light capture, specific leaf area and nutrient acquisition for growth i.e.  
leaf N, have been observed to show direct differentiation among native and non-
native species due to high photosynthetic ability and consequently higher 
accumulation of biomass (Zinnert et al. 2013). These are also traits that may yield to 
higher detectability by using indicators such as LAI (Somers and Asner 2012), 
carotenoid content in leaves, which in turn relates to light capture (Asner et al. 2006, 
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Santos et al. 2012), leaf N concentration (Somers and Asner 2012), moisture content 
in leaves (Asner et al. 2008b), etc. Santos et al. (2012) have used airborne and field 
imaging spectroscopy to distinguish functional traits among native and non-native 
species in the difficult aquatic environment. They measured traits such as pigment 
concentration and photosynthetic efficiency of leaves and found detectable 
differences between native and non-native submerged aquatic species. A few studies 
also measure and compare traits such as evapotranspiration for distinguishing native 
and non-native invasive species (Meijninger and Jarmain 2014). But such studies may 
require detailed field validation and replication in other habitat types and other 
geographical regions to ensure replicability. Naupari et al. (2013) have used the 
difference  in bi-directional reflectance of native and invasive grasses in rangeland 
habitats in the USA. The invasive grass T. caput-medusae underwent structural 
changes in its leaf orientation during the ripening stage, which was captured by the bi-
directional reflectance observations. This is a physiological functional trait, 
manifested in phenological expression, and is very specific to the habitat and species 
behaviour, which may cause difficulty in generalization of technique. Thus, although 
plant growth and plant life-form cannot be directly detected by optical RS, the use of 
multi-directional RS may produce good results, as also concluded by Homolova et al. 
(2013). With the advent of advanced sensors such as LiDAR, RADAR, airborne 
hyperspatial and hyperspectral data, there is now scope for relating such data to field 
measurements of plant physiological processes for alien invasive species 
discrimination and mapping (Asner et al. 2006, Santos et al. 2012).  
Traits that vary between native and invasive species but cannot be detected by RS 
data may be below-ground traits, or above-ground traits related to reproduction and 
propagule production and dispersal. Some important traits, rarely assessed for 
invasive species, are those that exhibit competition, stress response and disturbance 
response. For instance, Schmidtlein et al. (2012) mapped three plant strategies 
(competition, stress-tolerance and ruderal behaviour) in a bog ecosystem using 
airborne hyperspectral data. Such methodological techniques can be explored for 
systems where invasive species traits are measurable and comparable to those of 
native species. Traits such as flammability can be assessed by indirect measurements 
such as leaf moisture content (Yebra et al. 2013), but have not been used for invasive 
alien species so far. Advanced RS sensors such as active imaging with LiDAR or 
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RADAR and finer resolution hyperspectral and hyperspatial technology co-developed 
with eco-physiological ground measurements can help detect and map out invasive 
alien plants in diverse habitats across the globe. Combinations of various sensors and 
fine-tuning methodologies that are more sensitive to detection of variation in 
ecological processes among invasive alien plants may prove useful for early detection 
and mapping (Asner and Vitousek 2005, Asner et al. 2008c).  
 
5.4. Summarizing RS data-knowledge for mapping trait groups   
 
Summarizing the studies reviewed, we find that there has been substantial research 
focused on  mapping invasives using RS via the assessment of differences in 
phenological and structural trait  groups, but there are few studies that utilize 
differences in the physiological trait group (Table 2.2).  Among the invasive life-
forms that are mapped using RS data, phenological traits are used most often  to 
detect shrubs, while structural and phenological traits are more detectable for trees. 
All three trait groups have been used to map invasive grasses with almost similar 
frequency. Medium spatial resolution and very high resolution (VHR) data are most 
commonly used, while coarse spatial  resolution data have not been widely used for 
tracking invasion. VHR data are predominantly used for  mapping structural traits, 
indicating the advantage of the spatially explicit detail provided by the VHR  sensor. 
Although optical sensors seem to be the most popular for mapping all three trait 
groups,  hyperspectral sensors have been used increasingly in recent times. For 
physiological traits in particular, hyperspectral sensors seem to be preferred. The 
narrow spectral bands of hyperspectral sensors can facilitate measurements of subtle 
changes that are manifested in the physiological functioning of  invasive plants. While 
single date images were more commonly used for structural and physiological trait 
mapping,  multi-date images facilitated phenological studies. Phenological traits can 
also be mapped using single date images, primarily by choosing the appropriate 
season in which the phenology of the invasive species allows most easy and clear 
detection. Indices are abundantly used for phenological and physiological trait 
mapping, but not so often for structural traits. In addition to indices, the predominant 
use of field spectra to aid physiological trait mapping indicates that the inherent subtle  
variations in plant response detected by reflectance bands of sensors can characterize 
vegetation function more effectively. Also, non-parametric methods of classification 
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have been used more commonly for detecting physiological and structural traits for 
invasive species than parametric methods. 
 
Table 2.2. Table summarizing various attributes of reviewed papers for mapping 
trait groups (Numbers of papers in each cell are in percentages, absolute numbers 
of papers are in parentheses). 
  Trait Group 
Phenology 
(23) 
Structure 
(21) 
Physiology 
(10) 
Attribute         
Lifeform Shrub (15) 35 24 20 
Herb/forb (10) 17 24 10 
Tree (19) 17 48 60 
  Grass (13) 30 24 30 
Spatial 
Resolution VHR (27) 30 81 40 
Medium (23) 65 19 40 
  Coarse (6) 17 5 20 
Type  of RS 
data 
Hyperspectral 
(17) 26 29 70 
Multispectral 
(33) 70 71 40 
  
Active (Laser 
+Radar) (5) 4 19 10 
Time frame Single date (26) 39 62 40 
Time series (9) 26 10 30 
  Multi-date (19) 43 33 20 
Methods Object-based (7) 4 29 0 
Parametric 
classifier (20) 39 38 10 
Field spectra (8) 9 19 40 
Other non-
parametric 
(SVM, SAM, 
Decision tree 
35 67 60 
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etc) (25) 
Indices (24) 70 33 70 
  
Predictive 
modeling (8) 17 24 40 
 
Notes  1. VHR = < 10 m, Medium = 10m - 30m, Coarse = > 30 m 
 
2. Time series = Monitoring for same season for multiple years, multi-date = more 
than one image, could be seasonal or anniversary dates 
 
3. Parametric classifier = Supervised, Unsupervised, K means etc 
 
4. Predictive modeling = Studies that used regression, niche modeling, simulation 
modeling 
5. Since some papers use multiple methods or multiple species, percentages may 
add up to more than 100% 
 
6. Discussion  
Invasion is a common phenomenon in almost all ecosystems across the globe. From 
the analyses and assessments discussed above, it is evident that there are large bodies 
of work on mapping patterns of invasive alien plant occurrences, covering large and 
small regions or individual land management units, which feed into current 
distribution maps and enable monitoring for understanding the trends of spread. 
Regional analyses as well as focused area-studies have addressed the invasive alien 
species mapping question in detail, covering diverse habitats and life-forms of plants 
from trees to herbs, by using multiple datasets or specialized sensors, and techniques 
ranging from relatively simple classifications to hybrid combinations of advanced 
complex techniques, and using different aspects of spectral information for detecting 
invasive species. However, the caveat remains that there is a tendency to publish 
successful studies and report positive results, while reporting on negative findings or 
inefficient methods is not common. Thus, it may well be that one needs to look much 
closer and sift through these studies with a finer sieve to identify what may be some 
lacunae that can be addressed in future research.  
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Although other reviews on similar topics have been published before, most of them 
focus on RS methods for invasive species mapping as a general topic. Earlier reviews 
of the use of RS for mapping invasive alien plants have focused on an overall review 
of RS methods (Joshi et al. 2004), hyperspectral RS for mapping invasion (He et al. 
2011), or a comparison of the use of different RS methods and approaches (Huang 
and Asner 2009, Bradley 2014). Other reviews assess the use of RS for the mapping 
of ecological processes (Kennedy et al. 2014) or plant functional types or traits (Ustin 
and Gamon 2010, Homolová et al. 2013), without a specific focus on invasive species 
which present specific challenges for identification, mapping, monitoring and 
management. This review attempts to advance this discussion by focusing on how 
ecological insights from plant functional types and traits can be used to inform RS 
data and methods in monitoring invasion. It also categorizes these studies into plant 
trait groups that have been addressed, and summarizes various methods used under 
different attributes of data types and techniques used, bringing into focus the diversity 
of possible practices in using RS for monitoring invasion.  
The science of using RS for large area mapping grew from the initial developments in 
aerial photography to map inaccessible areas and large regions, which later evolved 
into satellite image mapping with the development of space-borne sensor technology. 
Newer advancements in aerial imaging and highly-sensitive detectors are facilitating  
the trend to revert back to using aerial imaging for specific purposes such as invasive 
alien plant detection. The combined use of several co-registered sensors — active or 
passive — coupled with simultaneous field measurements can enable detailed studies 
of complex and multi-dimensional ecological phenomena which were earlier studied 
with a focus on a single species or process. This would therefore permit in-depth 
analyses of complex ecosystem patterns and processes. However, these advanced 
airborne systems are not inexpensive to mount and build, and present a different set of 
challenges which include difficulties of replication in diverse areas and difficulties of 
bringing automation in image processing for standardized application across 
ecosystems.  
6.1. Gaps and Limitations 
Invasion research, although it has been around for a few years, is comparatively a new 
field for the RS methodology. This review of land cover types, life-forms, and 
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comparison of biomes undertaken here has been able to highlight a few gaps in the RS 
arena wherein more efforts need to be focused. Specifically, first, the body of work 
that has gone into mapping invasive alien species that occupy the top canopy or large 
contiguous areas is tremendous, but there has not been enough successful work on 
subcanopy or understory species detection and mapping. Several efforts have been 
discussed in this review, yet with limited success only in localized areas with very 
specialized techniques. Also, techniques developed so far rely on phenological offsets 
of different forest storeys, but mapping of understory species under full canopy has 
seen limited success. Second, the review of RS mapping of plant traits has revealed 
that certain traits related to physiological processes specific to invasive species (e.g., 
competition, stress tolerance, ruderal behaviour) are extremely complex to map or 
present difficulties that are currently not being adequately addressed by existing 
sensors or methodologies due to possible limitations in technology to address these 
directly. Third, in spite of the long history of RS data being available, and several 
sensors that have rapid revisit capacities, monitoring invasion has not yet tapped the 
time-series data to a large extent, and remained mostly restricted to single date or 
multi-date imagery.  
6.2. Challenges 
The gaps and limitations in RS applications to invasion research can be attributed to 
certain challenges that are faced by this science today. I present some of these 
challenges identified through my study, and suggest possible remedies to overcome 
them.   
i. A major challenge for RS abilities is that of detection of understorey/subcanopy 
species in forests that have a multi-layered structure. While mapping of top canopy 
invasive alien plants is possible with multiple methods, few studies have been able to 
successfully map second tier or shrub layers that are very difficult to reach. These 
studies rely on the use of phenological offsets of top and understory canopy for 
analysis. Yet in many evergreen or moist deciduous forest contexts, phenology offsets 
may not always occur, and when they do, they may not be easily usable for mapping 
due to issues such as high cloud cover. New techniques and improved methods now 
provide solutions to these predicaments, especially active data types such as Radar 
and LiDAR data (Asner et al. 2008c, Ghulam et al. 2014), use of field spectra for 
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characterizing these species in combination with the active sensors (Kimothi et al. 
2010), and also using ecological knowledge such as phenology of the species of 
interest (Johnston et al. 2012). 
  
ii. When mapping, invasive alien plants of smaller life-forms, such as shrubs, lower 
abundances, or smaller restricted areal extents, are extremely hard to detect using 
regular satellite imagery and conventional methods of classification. Recent advances 
in technology such as linear spectral unmixing (Padalia et al. 2012) or hybrid 
approaches with field spectra (Olsson et al. 2011), and use of multi-date imagery 
(Padalia et al. 2012) or aerial imagery (Dorigo et al. 2012), may enable the detection 
of small scale invasions which can be important sources of establishment and of 
spread to new locations.  
 
iii. The gap in research on trait-based mapping for invasive species presents a unique 
challenge, requiring the integration of multiple knowledge domains in conjunction 
with technological advancement in sensor capabilities. In particular, advanced RS 
sensors such as active imaging with LiDAR or RADAR and fine resolution 
hyperspectral and hyperspatial technology, co-developed with ecophysiological 
ground measurements, can help overcome these challenges. Combinations of sensors 
and fine-tuning methodologies that are more sensitive to detection of ecological 
processes and consequent emerging patterns among invasive alien plants may prove 
useful for early detection and mapping.  
 
iv. Logistic challenges include the prohibitive costs of VHR, hyperspectral and 
LiDAR/RADAR data that restrict their use. Restrictive data policies for VHR data 
hinder efforts to study invasion, particularly in countries that have limited access to 
specialized satellite datasets or technical geospatial data processing expertise. In 
particular, the restrictions placed by some countries on airborne flights to acquire 
VHR, LiDAR or RADAR data are extremely limiting. Cross-national and 
international collaborations will be critical to managing these challenges, facilitating 
data sharing, and exchange of expertise.  
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6.3. Advances in invasive species mapping research: Modeling — A Way Forward 
Although mapping is of prime concern for location of source and spread of invasive 
alien plants, and characterizing spatial and temporal patterns is helpful for 
implementing managerial interventions, it is important for park managers to know 
how to prioritize species and locations for removal based on factors such as the rate of 
spread, or prioritizing areas for management based on budgets (Westman 1990). Used 
in an appropriate manner these techniques may even help overcome some limitations 
such as subcanopy mapping, by providing estimates based on known criteria. 
Ecological modeling techniques can predict future scenarios of invasion, based on 
ecological insights. In this context, RS can be useful not only as a tool for mapping, 
but for providing input environmental variables in ecological modeling. Bradley et al. 
(2012) reviewed habitat suitability models which include RS variables as predictors 
for projecting habitat suitability. Their observations suggest that many modeling 
exercises using RS variables as predictors map actual species distributions rather than 
providing predictions of potential habitat suitability, and therefore of future spread.  
Current predictive modeling exercises for invasive alien plant occurrence draw on 
present or past data points for invasive alien plant presence, along with several 
biophysical parameters — which may be acquired from RS data or compilations from 
field data loggers — that can be used for predicting their future occurrence or spread 
(Guisan and Zimmermann 2000). Model calibration, done with presence/absence data, 
is an important step in predictive modeling of future occurrences of species in space 
and time (Elith and Leathwick 2009).  Calibrated models can then be used to project 
species occurrences in time and space for land management scenarios, in order to aid 
decision making on organizational aspects such as  risk assessments or allocation of 
resources for mitigation (Elith and Leathwick 2009).   
Developing and testing predictive modeling techniques for invasive species on the 
basis of known data records and environmental variables, often derived from RS data, 
has produced useful analytical studies for forecasting risk. These include habitat 
suitability modeling (Ahrens et al. 2011); generalized linear (Vacchiano et al. 2013) 
and generalized additive modeling (Richardson and Thuiller 2007) (GLMs and 
GAMs); species distribution or niche modeling using techniques such as Genetic 
Algorithm for Rule-set Prediction (GARP) or MAXENT (Peterson and Vieglais 2001, 
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Irfan Ullah and Davande 2006, Zhu et al. 2007);  regression-based models such as 
logistic regressions (Stohlgren et al. 2010, Meunier and Lavoie 2012); classification 
and regression trees (Cheng et al. 2007) and random forests (Lawrence et al. 2006, 
Stohlgren et al. 2010); and predictive methodologies for risk assessments of invasive 
alien species spread (Hortal et al. 2010, Ahrens et al. 2011, Leung et al. 2012). 
Ensemble models have been developed as software specifically for modeling species 
distributions with several techniques in variable scenarios (Thuiller et al. 2009). Some 
comparative analyses have assessed sets of predictive methods, concluding that 
ensemble models work better than many individual models for invasive alien species 
due to an improved prediction accuracy (Crossman and Bass, 2008, Stohlgren et al., 
2010) , especially for species that have newly established as invasive in a region, but 
which have not yet spread to all potential habitats (Stohlgren et al., 2010). Spatially 
explicit models have also been extensively used for prediction of future occurrences 
of invasive alien plants across different scales (Dark 2004, Andrew and Ustin 2010, 
Lu et al. 2013). Liu et al. (2006) have effectively used cellular automata for modeling 
effects of allelopathy of invasive alien species on native species, in order to show 
invasion success of the invasive alien species, and possible co-existence with resistant 
and sensitive species. Cellular automata have also been used by Richardson et al. 
(2010) for assessing possible management scenarios for climate change response of 
the invasive alien Schinus molle L. in South Africa. They found that given current 
records, S. molle would persist and increase in populations even in case of decline of 
potentially suitable habitats in future climatic conditions; and the simulation model 
outcomes recommended removal of current individuals for better future management 
of the landscape.  
Support Vector Machines (Pouteau et al. 2011, Gil et al. 2013, Mirik et al. 2013a) 
have recently been utilized for invasive species detection, and demonstrated to work 
well with large datasets such as hyperspectral and hyperspatial imagery. New research 
has utilized theoretical process-based models (Chapman et al. 2014, Storkey et al. 
2014) for invasion prediction. These may or may not include RS data, but use 
parameterization of the ecological conditions — such as growth, competition, 
population dynamics, photoperiods, etc. — that are conducive to growth of invasive 
plants. These may be particularly useful for prediction of invasive alien species spread 
under various climate change scenarios.  
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RS mapping and predictive modeling methods can therefore be developed in a much 
more rigorous way to incorporate biophysical as well as ecological information 
inherent to the sustenance, growth, and proliferation of the species. These also signify 
a more holistic attitude towards the ecosystem as a complete functioning unit, with the 
invasive alien species of interest being assessed based on where it has established, 
naturalized, or is in the process of spreading. Invasion is a step-by-step process, which 
takes place over time. Model development can be based on occurrence/historical 
records and biophysical variables. Following calibration and prediction, RS data can 
provide ways to test these predictions across space and time. Plant traits that facilitate 
invasion can be studied with a view to applying RS technology for mapping them on 
the ground. Thus, a functional approach would address the gaps by considering what 
ecological processes — in the context of the invasive alien species itself or its 
surroundings — need to be detected and can be mapped using RS techniques and 
geospatial methods. Predictive geospatial modeling would, in turn, help to focus on 
developing RS machinery and techniques for studying the functional processes behind 
invasion. In this context, collaborative work among ecologists studying not only 
invasion but also other related functions such as plant physiology, morphology and 
adaptive behaviour, along with physicists, engineers, and space technologists to 
develop methods for studying invasion is highly desirable. Such collaborative work 
would allow for cross disciplinary learning which would facilitate the early detection, 
prediction and therefore management of species invasions (Simpson et al. 2009, Jones 
2011).  
 
7. Conclusion 
The effective management of invasive alien species relies on reliable maps of current 
location and prediction of future spread. Successful classification of any vegetation is 
related with a number of factors such as availability of useful data, good image 
quality, weather conditions during the growing and ideal mapping season, spectral 
and spatial resolution, and the link between RS season and resolution, and vegetation 
phenology and growth patterns. Current approaches for delineating invasive alien 
species occurrences and monitoring their distributions largely rely on pattern-based 
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RS methods. This review of trait-based approaches provides a consolidation of the 
research in this arena, highlighting traits that have more potential to be used for 
process-oriented studies. I also identify knowledge gaps in invasion research, and 
suggest ways in which to address these challenges. Additionally, I briefly put forward 
some predictive methods that can build upon RS mapping techniques to aid in further 
exploration of invasion mapping and prediction for possible management 
interventions.  
Insights from ecology have proven advantageous in improving the success of RS 
studies for mapping invasion. Although plant functionality has been used in 
developing and implementing mechanisms for mapping invasive plant species, the 
integration of RS data/methods with physiological traits specific to invasive alien 
species seems to have more untapped potential to progress and expand. This review 
therefore emphasizes that a deeper awareness of plant functional traits, landscape 
processes, and ecosystem complexity, integrated with pattern-based RS mapping, 
would enhance our ability to map, predict, and understand the invasion process, so as 
to provide useful information to land managers, practitioners, and policy-makers. 
Collaborations between multi-disciplinary scientists with domain expertise in specific 
fields are critical for such advances. While RS scientists can take a more 'process'-
based attitude rather than only a 'pattern'-based attitude, invasion ecologists need to 
engage with RS experts to identify traits and locations that are suitable for RS-based 
mapping and research in the area of invasion ecology. I call for greater collaboration 
between invasion ecologists and RS scientists to advance research in this direction for 
improved land management in an era dominated by global environmental change. 
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Chapter 3: Effects of landscape context on the invasive 
species Lantana camara in Biligiri Rangaswamy Temple 
Tiger Reserve, India 
  
1. Introduction 
Invasive species are those non-native species that, having arrived in a given region 
through human activity, can establish and spread rapidly across large areas 
(Richardson et al. 2000, Simberloff et al. 2013). Many invasive plants are increasingly 
abundant in their non-native range, and pose major conservation problems at the 
global scale, as they cause harm to ecosystems as a whole as well as to species in 
particular (Simberloff 2006). Important drivers for adaptation and establishment of 
invasive species include favourable climatic factors, availability of resources such as 
light, water, and soil nutrients as well as pressure of incoming seed propagules 
(Lockwood et al. 2005, Thuiller et al. 2007) and the presence of habitat typologies 
that are suitable to their growth (Richardson and Pysek 2006, Chytry et al. 2009). 
Tropical forests provide extremely complex habitats in which invasive alien species 
survive, establish and thrive in particular locations wherein certain local 
environmental factors provide conducive settings for their growth. Not only 
abundances, but mere presence of the invasive alien plant may signify the suitability 
of the habitat type and local environmental parameters, to indicate the probability of 
spread.  
 For wildland managers, it is important that some management actions are put into 
place for controlling the spread of the invasive species. Preventing the establishment 
is the most efficient management strategy to control biological invasions, but when 
invasion has already taken place, early detection of new locations of establishment 
becomes essential (Simberloff et al. 2013). Therefore, amongst many management 
activities, monitoring and mapping of the occurrence of invasive species is important 
for control action (Lindenmayer and Likens 2010). Similarly, for deployment of 
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resources and planning ahead, predictive modelling of possible areas of invasion 
would greatly benefit management (Ficetola et al. 2010, Leung et al. 2012).  
In recent times predictive modelling has advanced rapidly. Several tools and 
techniques have emerged which show robust model development using multiple input 
parameters, as well as prove effective predictors of the species to be modelled (Austin 
2002, Thuiller et al. 2009, Jiménez-Valverde et al. 2011, Gallien et al. 2012). Using 
niche-based models by climate matching has shown promise for locating areas of 
introduction in invaded regions (Broennimann et al. 2007) and identifying hotspots of 
possible invasion (Adhikari et al. 2015); while other modeling tools can be used for 
understanding the effects of niche conservatism which constrains the geographic 
expansion of invasive species (Wiens and Graham 2005). Predictive modelling using 
multivariate statistics, being inductive and empirical, can provide accurate predictions 
when tested against real habitat presence data (Fielding and Bell 1997). Logistic 
regression modelling is one among these techniques which can yield useful results, 
provided there is detailed presence-absence data for the variable being modelled and 
environmental variables at a suitable scale. While several advanced techniques using 
logistic regression have now evolved (Fleishman et al. 2001), simple logistic 
regression still proves to be very effective in predictions (Manel et al. 2001, Kumar et 
al. 2008). 
India hosts hundreds of different invasive species; recent inventories of Indian alien 
flora have identified more than one-third of these to have their origin in South 
America (Khuroo et al. 2012). Invasive alien plants have established in several types 
of habitats, and in different climatic regimes across India (Khuroo et al. 2012). Their 
persistent nature and adaptability has made it easy for them to grow and spread 
rapidly across diverse ecosystems in India (Khuroo et al. 2011). The Western Ghats 
biodiversity hotspot region is particularly vulnerable to these  species due to its 
climatic similarity with the Central American landscape , which makes it remarkably 
easy for species from the Central and South American continent to establish (Kohli et 
al. 2006, Khuroo et al. 2012, Rao and Sagar 2012, Adhikari et al. 2015).  
Lantana camara L. (hereafter, Lantana), is a flowering shrub species of family 
Verbenaceae, native to Central and South America. It flowers and fruits throughout 
the year and the seeds are small in size, dispersed by birds (Walton 2006). The fruits 
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are green when unripe and turn black on ripening, they are small and berry-like. It 
was introduced in tropical countries as an ornamental plant and  is now reported to be 
invasive in several countries across the world, including India (Day et al. 2003, 
Bhagwat et al. 2012). In India, Lantana has been reported from several types of 
forests and habitats, adapting itself to varied environments and proving to be an 
extremely aggressive weed (Sharma et al. 2005). In the Western Ghats, Lantana has 
been reported from several sites, and its adaptive nature to surrounding environments 
has been studied in some (Rao and Sagar 2012, Ramaswami and Sukumar 2013). It is 
imperative that more studies are carried out to understand the response of Lantana to 
diverse locations across the Western Ghats to comprehend its ability to spread rapidly 
across the region. A geospatial modelling approach would allow for a rapid 
assessment of the habitat parameters that are conducive to its presence and spread.  
The aim of this study was to evaluate the relationship between the presence of 
Lantana  and environmental and ecological parameters, so as to provide information 
useful for the management of this invasive species, in order to counter its further 
spread. I used a logistic regression modelling approach to identify environmental 
variables conducive to the growth of this particular species.  
 
 
2. Materials and Methods 
2.1. Study Area 
The Biligiri Rangaswamy Temple Tiger Reserve (located between 11°40′–12°09′ N 
lat. and 77°05′–77°15′ E long.) (Kumara et al. 2012) is an area of high biodiversity 
lying in the Western Ghats hill ranges of the southern Indian peninsula. This 540  km2 
sanctuary is unique, with its heterogeneity of physiographic forms (elevation range of 
620–1816 above m.s.l.) and climatic regime, as well as the rich flora and fauna it 
supports. Rainfall varies spatially based on orographic effects and seasonality (annual 
average ranges from 940–1850 mm). The vegetation of the sanctuary has been 
classified into ten different types from dry scrub thickets to dense wet evergreen 
forests at high elevations (Ramesh 1989a). 
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2.2. Lantana in the landscape 
Lantana is first reported from the BRT TR landscape from 1934 (Ranganathan 1934). 
In the past decade, studies have reported the occurrence  (Murali and Setty 2001), and 
subsequently a ten-fold increase (Sundaram and Hiremath 2012), of invasive alien 
plant species, with special emphasis on the shrub Lantana. These studies provide 
important baseline information about invasion of Lantana in this landscape indicating 
increase not only in numbers of stems but also density (Sundaram 2011). Whereas  
Murali and Setty (2001) suggest that further studies are required for understanding 
how the invasive species impact regeneration in this landscape, Sundaram's (2011) 
study clearly indicates that Lantana invasion  is more extensive than other invasive 
species (such as Chromolaena odorata), including within seed banks, which have 
potential to establish further. While these studies have identified the potential threat to 
the local ecosystems, no detailed study in this landscape has undertaken work on 
understanding the habitats that are suitable for Lantana occurrence in the different 
mixed forest types of this area. For the management of the park and its biodiversity, it 
is imperative that the managers develop a fair understanding of the vulnerable areas, 
where this species is more likely to spread. Using the existing knowledge regarding 
the species occurrence (Sundaram and Hiremath 2012) and some geospatial modelling 
methods, it is possible to identify the factors promoting the suitability of habitat for 
this species. 
2.3. Data collection 
Existing field data from 124 plots distributed uniformly in a 2 km by 2 km grid (Fig. 
3.1) were used. These data were collected by Sundaram in 2007-2008 in his study on 
Lantana in the landscape (Sundaram 2011). These plot locations were chosen so as to 
follow up on a previous exercise conducted for vegetation assessment (Murali and 
Setty 2001) at the exact same locations.  
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Figure 3.1. Vegetation type map of BRT Tiger reserve with the sampling scheme. 
Plots were 5 m by 80 m and all woody stems of all species > 1 cm diameter at breast 
height in the plot were identified, counted and measured. (Sundaram 2011) Thus, 
presence or absence of Lantana was obtained for use as the dependent variable for 
modelling. Independent climatic variables used were obtained from the global 
BIOCLIM dataset version 1.4 at the 30 arc-second resolution 
(http://www.worldclim.org/bioclim) (Hijmans et al. 2005). Of the several climatic 
variables that are available in this dataset, we selected two variables that are likely to 
affect the growth of the study species (Rödder et al. 2009): the mean diurnal range of 
temperature (bio2) and annual precipitation (bio12). At the spatial scale of the study 
area, temperature and other local climatic variability is mostly determined by 
elevation. Therefore, a digital elevation model at 30 m resolution was used for 
obtaining elevation data at each plot location. Land use in the plots was obtained from 
a land cover map (scale 1:100,000 derived from SPOT data by visual interpretation 
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(Ramesh and Menon 1997) which included, in the original form, 14 classes of land 
cover types (Ramesh 1989b).  
 
Figure 3.2. Buffer polygons of 3 different distances around plots overlaid onto the 
vegetation type map. Partial sections of buffers indicate percentage of vegetation 
type within that buffer polygon.  
 
2.4. Data preparation 
The original land use map was reclassified into 9 cover types on the basis of similarity 
of habitats and phenological types within classes to limit redundancy (see Table 3.1).  
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Table 3.1. Original land cover types as per Ramesh (1989) reclassified into 9 cover 
types. 
No. Original land cover types (14 -from 
Ramesh, 1989) 
Merged types (9) 
1 Scrub Woodland to thickets (discontinuous) Scrub 
2 Scrub Woodland to thickets (dense) Dry Deciduous 
Forest 3 Woodland to savanna woodland (short) 
4 Scrub woodland to thickets with bamboo Scrub with Bamboo 
5 Woodland to savanna woodland (tall) Moist Deciduous 
Forest 6 Tree Savanna 
7 Semi Evergreen forests Evergreen Forests 
8 Evergreen forests  
9 Riparian forests 
10 Shrub savanna (grassland) Shola Grassland 
11 Plantations Plantations (Coffee 
with Grevillea 
robusta, and 
Eucalyptus spp) 
12 Coffee plantations 
13 Water Water 
14 Encroachments Encroachments 
 
For each plot, percentage of area covered by each of these classes was calculated, 
using a Geographical Information System (GIS). To evaluate relationship between the 
distribution of Lantana and land cover at different spatial scales, three concentric GIS 
buffers around each of the plot polygons at 25 m, 50 m and 100 m from the plot 
locations were generated. These GIS buffers were created to generate concentric 
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zones at specific distances away from the plot wherein the presence of Lantana would 
be evaluated in relationship with the amount of area occupied by certain cover types. 
These buffer polygons were then clipped to the vegetation type map and percentages 
were recorded for each of the cover types that were included within each of the buffer 
polygons (Fig 3.2.). Thus, for each plot location, I had data on cover type percentages 
within the plot as well as three concentric GIS buffers indicating progressive distances 
away from the plot location. Several land cover type variables were found to have 
zero values for all plots or had a very small percentage cover for a single cover type, 
and were not considered for analyses, leaving a set of 22 cover type variables at 
different distances. These cover types now included Scrub, Moist Deciduous Forest, 
Dry Deciduous Forest, Evergreen Forest and Shola grassland. To improve the 
normality of data, percentage data were transformed using squareroot-arcsine. At the 
end of this data preparation, I had a total of 25 independent variables (22 cover types, 
1 altitude and 2 climate) to be incorporated in the models. 
 
2.5. Statistical analyses 
Species distribution prediction can be done using correlative modeling. Correlative 
models use distribution records of a species along with values of a set of predictor 
variables - such as resource gradients, or  - to predict the likelihood of its occurrence, 
based on suitability of niche space. When these models use presence as well as 
absence records, they are considered a type of group discrimination techniques 
(Guisan et al. 2002, Robertson et al. 2003). I used generalized linear models with 
binomial error distribution to relate the Presence/Absence of Lantana to the 
independent variables. Each model included climatic variables, altitude data, and land 
cover variables. Since the land cover type variables were parts of a whole buffer area 
polygon adding up to 100 %, they were highly correlated with each other. Hence I 
considered each land cover type singly at a time, along with other climatic and 
elevation variables to develop models. Models were built with land use variables at 
the four spatial scales considered (i.e., within the plot and within 25, 50 and 100 m 
from the plot), as well as the global model considering all the variables at all the 
83 
 
spatial scales together. A set of 25 models were therefore tested for best cover type 
and distance combination which would predict Lantana presence.  
I used an information-theoretic approach, based on Akaike’s Information Criterion 
(AIC) (Burnham and Anderson 2002) to identify the scale at which landscape 
variables most strongly affect the distribution of Lantana (Ficetola et al. 2009). AIC 
trades-off explanatory power vs. number of predictors; parsimonious models 
explaining more variation have the lowest AIC values. I thus considered the model 
with lowest AIC values to be the “best AIC model” (Burnham and Anderson 2002). 
As sample size was limited compared to the number of independent variables,  I used 
the AIC correction for small sample size (AICc), where AICc is calculated as :  
 
where n = sample size, and k = number of parameters in the model (Burnham and 
Anderson 2002, Kumar et al. 2006). 
AICc gives a correction on the AIC value for finite sample sizes; thus AICc is AIC 
with an additional penalty if the sample size is small compared to the number of 
parameters (Burnham and Anderson 2002, Kumar et al. 2006). For each candidate 
model, I also calculated the AICc weight w, which represents the probability that a 
model is the best one within the set of candidate models, given the data (Burnham and 
Anderson 2002, Lukacs et al. 2007). I calculated the area under the curve (AUC) of 
the receiver operator characteristic plot as a measure of discrimination capacity of the 
best-AIC model; models with AUC = 0.5 do not discriminate better than random; 
AUC < 0.7 indicates limited discrimination, 0.7 ≥ AUC ≥ 0.8 indicates good 
discrimination and AUC > 0.9 indicates excellent discrimination (Manel et al. 2001, 
Liu et al. 2011). All analyses were performed using the R statistical software (R 
Development Core Team, 2012). 
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3. Results 
The natural land use types in the study site are dominated largely by two forest types - 
dry deciduous forest (approximately 38%), and moist deciduous forest (approximately 
23%).  
Table 3.2. Comparative table of the AICc for generalized linear models relating 
presence/absence of Lantana to environmental variables measured at different 
buffer distances from the sample plots. K: number of parameters in the model; LL : 
Log Likelihood; w: AICc weight of the model; MDF : Moist Deciduous Forest; DDF : 
Dry Deciduous Forest; SG :Shola Grassland; SC : Scrub; EG : Evergreen Forest. 
 K LL AICc w 
Dist50_MDF 5 -47.2510 105.0105 0.8748 
Dist_all_MDF 8 -46.7901 110.8323 0.0476 
Dist100_MDF 5 -50.3327 111.1738 0.0401 
Dist25_MDF 5 -50.8643 112.2370 0.0236 
Dist0_MDF 5 -52.3467 115.2018 0.0054 
Dist100_SG 5 -53.5313 117.5711 0.0016 
Dist_all_SG 8 -50.1624 117.5769 0.0016 
Dist25_SG 5 -53.8873 118.2830 0.0011 
Dist0_SC 5 -54.3730 119.2545 0.0007 
Dist50_SG 5 -54.6202 119.7489 0.0006 
Dist100_SC 5 -54.6808 119.8700 0.0005 
Dist50_SC 5 -54.8785 120.2655 0.0004 
Dist25_SC 5 -55.1585 120.8254 0.0003 
Dist0_SG 5 -55.2041 120.9167 0.0003 
Dist25_EG 5 -55.3444 121.1972 0.0003 
Dist50_DDF 5 -55.8343 122.1770 0.0002 
Dist0_EG 5 -55.8902 122.2888 0.0002 
Dist50_EG 5 -55.9711 122.4508 0.0001 
Dist25_DDF 5 -56.2301 122.9687 0.0001 
Dist100_EG 5 -56.2500 123.0085 0.0001 
Dist100_DDF 5 -56.2844 123.0774 0.0001 
Dist0_DDF 5 -56.3574 123.2233 0.0001 
Dist_all_EG 8 -53.6686 124.5894 0.0000 
Dist_all_SC 8 -53.7474 124.7470 0.0000 
Dist_all_DDF 8 -54.6526 126.5574 0.0000 
Global 26 -39.6629 145.8000 0.0000 
 
A comparison of AICc values indicated that the model for moist deciduous forest at 
50 m buffer distance was the best explanatory model for the Lantana distribution data 
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(Table 3.2). The AICc weight of the model at the 50 m scale was 0.875, indicating a 
good support for this scale. All other models built at the other distance scales had  low 
weight, indicating essentially no support (Table 2). The model built using the 50 m 
buffer showed a good discriminatory power (AUC = 0.71). Thus the model at 50 m 
buffer distance explained the presence of Lantana best, indicating its possible 
relevance for the establishment of the species.  
Among the 4 variables included in the 50 buffer distance model (Table 3), 2 variables 
were significant, mean diurnal range of temperature (p=0.05) and % of moist 
deciduous forest within the 50 m buffer (p=0.01). Lantana was associated with sites 
which had low temperature range, low annual precipitation and low percentage of 
deciduous forest. 
Table 3.3. Significance of variables included in the best-AICc model predicting the 
presence of Lantana. 
Variables B Chi sq P  
Altitude  -0.00279 0.8292 0.18084  
Mean diurnal range of 
temperature 
-0.50932 3.9576 0.02648  *  
Annual precipitation -0.00583 4.3387 0.34385  
% Moist Deciduous Forest 
within 50 m 
2.516409 18.2216 0.00368  ** 
---     
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1  
 
 
4. Discussion 
Invasion by Lantana is a long-established  and well-recognized problem in the Indian 
subcontinent (Kohli et al. 2006, Prasad 2010, Ramaswami and Sukumar 2011, 
Sundaram 2011, Bhagwat et al. 2012, Kannan et al. 2013). The steady invasion by 
Lantana across the Western Ghats has been documented, in individual case studies 
steadily by several researchers (Murali and Setty 2001, Prasad 2009, Aravind et al. 
2010, Ramaswami and Sukumar 2011, Sundaram 2011, Rao and Sagar 2012). While 
mapping of the species using remote sensing has been attempted for some locations in 
India (Kandwal et al. 2009, Kimothi and Dasari 2010), predictive modelling is 
restricted to locations where this species is fairly common in Australia and China 
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(Robertson et al. 2004, Liu 2011, Taylor et al. 2012). In India, predictive modelling of 
Lantana in view of climate change has also been attempted in protected areas 
(Priyanka and Joshi 2013). Such studies, working at larger spatial scales, show the 
importance of predictive modelling using a mechanistic approach (Priyanka and Joshi 
2013). Lantana is reported to respond greatly to disturbance, and  Sundaram (2012)'s 
work in this site indicates a steady but rapid increase over time in frequency as well as 
abundance of Lantana. The current analysis brings out some interesting results with 
respect to Lantana presence in different land cover types and at different scales. A 
comparison of the AICc values for the models at different distances indicated that the 
model of moist deciduous  forest at 50 m buffer distance had the lowest value, and 
hence provided the best explanation of the Lantana distribution. 
These results help to understand two important aspects of the invasion process of 
Lantana: 
 the habitat relevant for the diffusion of the invasive species; 
 the buffer-scale that needs to be considered for that. 
The above results indicate the importance of the moist deciduous forest type in the 
occurrence of Lantana along with the climatic variable of temperature. Field 
observations confirmed these findings, having indicated that the presence of Lantana 
is high in the moist deciduous type of forest (Fig 3.3.), where the habitat is moister 
than the dry deciduous forests, and more open than the semi-evergreen or evergreen 
forest type.  
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 Figure 3.3. Lantana in a patch of moist deciduous forest 
 
Although it is also fairly common in the dry deciduous forest, as well as the scrub 
types of forest, the physical appearance of the shrub is greener for longer periods and 
larger  in the moist deciduous type of forest than the shorter and thinner form in the 
dry deciduous forest type (Fig 3.4.), and remains so throughout most of the year in 
this study area. The shrub is also seen growing robustly along riparian tracts in dry 
forest patches, where moisture plays a major role.   
 
 Figure 3.4. Lantana shrubs in the understorey of dry deciduous forest 
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This study, with a correlative regression approach, has helped to highlight the 
importance of specific variables in the spread and possible areas of occurrence of the 
invasive species Lantana camara. The use of buffers of different size around the plot 
areas helped to identify the scale at which landscape features take effect on the 
distribution of this species, and to build better models identifying the effect of 
environmental features.  These results also point to the fact that more detailed studies 
need to be undertaken in different forest types to understand the role that they play in 
encouraging the establishment and spread of invasive species which occur in 
understorey habitats. Microclimatic differences among habitats also may affect the 
species' physiology and in turn its morphological or structural form. It may also prove 
worthwhile to explore local variations such as edaphic factors or topographic 
complexity to test whether they have a role in changing the microhabitats to 
encourage invasion. In addition, it may be useful to consider structural parameters of 
the shrub itself such as height, density, and abundance, as a response to habitat 
variables. Thus, incorporating spatial heterogeneity in multiple ways would provide a 
more nuanced understanding of the non-native species distribution as exemplified by 
Kumar et al. (2006). 
Correlative regression modelling (Jeschke and Strayer 2008, Wiens et al. 2009) has 
been used at two scales in this approach, incorporating fine scale information on 
habitat type with information at a broad scale on climatic factors, thus helping us to 
identify the habitat variables in addition to climate that influence the distribution of 
invasive alien plants (e.g. Stohlgren and Schnase (2006), Thuiller et al. (2006)). The 
integration of fine-scale habitat information increases the performance of regression 
models, as has also been noted with other studies on invasive species (Ficetola et al. 
2007). Thus, this study substantiates other research demonstrating that information 
collected at multiple spatial scales from the habitat to the regional, can help to 
meaningfully analyse and predict the distribution of invasive alien plants. The results 
of this study also conform with other studies which demonstrate the limitations of 
invasive species modelling based purely on climatic variables and which illustrate the 
need for incorporating biotic datasets at finer scales (Ficetola et al. 2007). These 
results reinforce the importance of an univocal habitat definition (sensu Bunce et al. 
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(2008) and Nagendra et al. (2013)) in order to get stronger models of species 
distribution that can be widely applied. Moist deciduous forest cover at 50 m scale is 
very important, and disruption through these forests such as roads or plantations can 
prove to be the main driver of Lantana invasion at the boundary of this disturbance. 
Thus management may focus on these particular forest types and at such disturbance 
boundaries. 
This study further indicates that although presence/absence data can serve as an 
effective guideline to invasive species modelling in different habitats, detailed in-situ 
mapping and monitoring of understorey invasive shrubs may be effectively done only 
when the variation in structural response of the shrub to surrounding environments is 
detected and characterized. Such studies will then enable the development of 
operational management techniques such as continuous monitoring mechanisms for 
invasion in such mixed forests from remotely sensed data. Chapter 4 reports an 
attempt to measure structural response of Lantana to variation in surrounding 
environments in order to characterize it for further monitoring using remotely sensed 
data.  
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Chapter 4: Modeling structural characteristics of 
Lantana camara as a response to environmental 
parameters 
 
1. Introduction 
The patterns and processes of global ecosystems are increasingly being altered as 
invasive alien species are rapidly transported by people travelling across long 
distances, overcoming erstwhile physical barriers (Lockwood et al. 2007). Other 
components of human-mediated global change such as increase in atmospheric carbon 
dioxide or nitrogen deposition, are also likely to affect invasion processes drastically 
(Dukes and Mooney 1999). With species invasions being recognized as a significant 
threat—next only to habitat loss—to biodiversity in native ecosystems (Convention 
on Biological Diversity 2009), it is imperative that the occurrence of this phenomenon 
is detected  in time.  
Timely detection and location of alien plant invasion in natural ecosystems requires 
detailed and repeated observations to monitor spread. Land managers typically are 
entrusted with large areas to monitor invasive species occurrence and spread in order 
to prioritize management interventions (Westman 1990, Foxcroft et al. 2009). 
Technology such as remote sensing enables them to map invasions over large areas as 
it covers large extents in a snapshot, using a top-down observational and/or modeling 
approach (Bradley 2014, Rocchini et al. 2015). Although these tools may provide an 
overview of the area affected by invasion, they need to be supplemented by some 
ground truth information providing details on the occurrence of the invasive plants on 
the ground, and their response to variability in surrounding environmental conditions. 
Such characterization of the structure of the invasive alien plants on the ground then 
may allow for an informed decision on the use of appropriate sensor technology and 
techniques in mapping invasion from above the canopy.  
Plants show structural and functional adaptation to their surrounding environments 
based on resource availability. To enable structural characterization of plant 
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assemblages, they can be identified on the basis of certain morphological 
characteristics. In areas with constraints on resource availability, invasive alien 
species may develop different phenotypes for adaptation to surrounding environment, 
increasing their fitness to survive in the new landscape. This ability of an organism to 
adapt itself to constraints in the surrounding landscape is called plasticity (Schlichting 
1986). Depending on surrounding resources and plant needs, the morphological 
characteristics may manifest differently, in different areas within a region. Structural 
and functional adaptations may either be expressed as acclimatizing to local variations 
different from their native range, or may be manifestations of their potential adaptive 
response to human-mediated pressures such as climate change (Gratani 2014). Many 
invasive alien plants show much more variability in their morphological forms in the 
regions where they are naturalized as compared to their appearance in their native 
range (Schweitzer and Larson 1999, Day et al. 2003, Jakobs et al. 2004). Observing 
changes in this structural response within several diverse habitats resulting from the 
adaptive plastic behaviour of invasive alien species to environmental variation may 
therefore better enable detection and mapping of the species.   
Among numerous plants that invade forests across the globe, Lantana camara 
(henceforth, Lantana)—a tropical woody shrub native to Central and South 
America—has established itself rapidly across tropical and sub-tropical regions on 
several continents (Bhagwat et al. 2012, Vardien et al. 2012).  Lantana has been 
reported from several forest types across the tropics, ranging from dry and open scrub 
vegetation (Raghubanshi and Tripathi 2009) to moist and dense semi-evergreen 
vegetation types (Islam et al. 2001). In India Lantana has been reported from almost 
the entire country, in several habitat types, from dry scrub to wet forests, including the 
Western Ghats, one of the biodiversity hotspots of India (Khuroo et al. 2012, Rao and 
Sagar 2012). Recent modeling studies have predicted that 49% of the geographical 
area of the country is prone to moderate to high levels of invasion by multiple 
invasive species including Lantana (Adhikari et al. 2015).  
Across the variety of forest types in which it occurs, Lantana is broadly variant in its 
physical form (Sharma et al. 2005). It behaves like a shrub in most areas, but may also 
sometimes appear as a straggler reaching up towards the canopy (Personal 
observation). Recent studies on Lantana presence/abundance among mixed forests of 
the Western Ghats have shown that contrary to earlier expectations, Lantana 
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abundance and spread was not determined by the type of forest, indicating that it 
occurred widely in varied types, primarily deciduous (Sundaram and Hiremath 2012). 
However, although well adapted to varying light conditions, this shrub seems to prefer 
well-lit areas such as canopy gaps (Raizada et al. 2008), and roadsides (Prasad 2009, 
August-Schmidt et al. 2014), and may show restricted growth in well-shaded areas 
(Carrion-Tacuri et al. 2011). Its occurrence in dense evergreen forests would be 
limited, given the dark and well-shaded nature of these forests, and this is borne out 
by my own observations also.  
As a first step towards monitoring invasion by Lantana using remote sensing 
technology from above the canopy, it may be necessary to characterize its response to 
environmental parameters on the ground. Ramaswami et al. (2014) have found that in 
a heterogeneous dry forest in peninsular India, Lantana thrived in locations closer to 
streams, as also in moderately shaded areas. Also, studies such as that of Coll et al. 
(2011) have shown that there is a marked effect of overstorey tree layer and the 
environment on the development of the understorey shrub structure. Such 
observations would provide guidance in deciding the factors that may be conducive to 
monitoring the shrub on the ground, as well as provide valuable inputs to deciding 
mechanisms of mapping invasion from above ground. As observed by Pichancourt 
and van Klinken (2012), invasive shrubs can show adaptive plasticity across a wide 
range of their geographic distribution. It would therefore be important to study the 
structural response of Lantana to environmental parameters on the ground 
independently in multiple landscapes. This would help devise a mechanism to 
successfully map its spread using above-canopy techniques.  
Among the structural parameters of Lantana that  have been observed to change 
across varying environments, are the height of the shrub, the clump size, areal spread, 
and abundance (Day et al. 2003, Ramaswami and Sukumar 2014, Personal 
observation). These are important variables to characterize, which may allow easier 
detection and categorization from RS data. Thus, with an objective to characterize the 
variation in invasive species structure on the ground with respect to varying local 
environmental conditions, I approached this study with the following specific research 
question:  
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How does Lantana structure (in terms of abundance, height, and mean basal area) 
respond to various environmental and forest canopy variables? 
 
 
2. Methods  
2.1. Study Area and Species 
The study was conducted in the Biligiri Rangaswamy Temple Tiger Reserve 
(henceforth BRT TR), a 540 sq km protected area in the Western Ghats biodiversity 
hotspot in India. This site is located between the Eastern and Western Ghats hill 
ranges in peninsular India, and has a heterogenous physiography with hills running in 
the north-south direction and an elevation range of approximately 600-1800 m a.m.s.l. 
The region receives rainfall ranging between 900 and 1750 mm varying across 
different locations within the TR. The vegetation of BRT TR has been classified into  
scrub-savanna, dry deciduous forests, moist deciduous forests, riparian semi-
evergreen forests, evergreen forests, and shola-grassland mosaic at high elevations 
(Ramesh 1989, Sundaram 2011). Almost 90 percent of the area is dry deciduous 
forests and scrub forests (Ganesan and Setty 2004). The drier vegetation types have 
dominance of species such as Anogeissus latifolia, Terminalia crenulata and 
Phyllanthus emblica while the evergreen forests show an abundance of species such 
as Persea macarantha, Litsea deccanensis, and Syzygium cumini (Murali et al. 1998).  
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   a.     b. 
Figure 4.1. a. Vegetation type map of BRT TR with sampling locations (inset map of 
India shows the location of BRT TR). b. Sampling design at each location. 
 
Lantana was first reported from BRT TR in the year 1934 (Ranganathan 1934), 
although the exact year of introduction is not available. However, further studies on 
its occurrence and spread are fairly recent. Murali and Setty's (2001) was the first 
attempt to map the presence and distribution of Lantana in the BRT TR landscape. A 
decade later Sundaram (2011) found a significant increase in the abundance and 
density of Lantana. He also recorded associated changes in the population structure of 
native tree species and reduction in the density of native tree saplings (Sundaram and 
Hiremath 2012).  
Sundaram’s (2011) study provides important ground-based information about Lantana 
occurrence in this landscape. However, no detailed study has characterized the 
variation in structure of Lantana across various habitats and biophysical conditions, in 
order to inform above canopy studies on detection and mapping of Lantana. I build on 
Sundaram’s (2011) ground-based information in conjunction with the diversity of 
habitat types in BRT TR, to investigate the variation in Lantana structure with 
biophysical environment.  
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2.2. Study Design 
To understand the variability in structural response of Lantana, a set of abiotic and 
biotic predictors was considered on the basis of their potential ecological relevance to 
the structure of Lantana. For this study, Lantana structural response was characterized 
on the ground by measurements taken within sampling plots (described below). The 
response variables consisted of Lantana abundance, mean basal area, and total basal 
area taken from field data collected by Sundaram (2011). Lantana height was also 
used as a response variable, which was measured during my field visits (February–
March 2012, January–March 2013).  
Predictor variables consisted of a combination of ground-based observations on 
biophysical variables and satellite image-derived measurements. For the satellite 
image-derived variables, I used values averaged over all pixels within a plot to 
characterize the plot.  
 
2.2.1. Field data collection 
Earlier studies on Lantana in BRTTR (Murali and Setty (2001), Sundaram (2011)), 
sampled vegetation in plots at the centroids of a 2 x 2 km grid across the landscape. 
Plots were 5 x 80 m, and oriented north-south. All woody stems > 1 cm diameter at 
breast height occurring in these plots were identified and measured (Sundaram 2011). 
I revisited these plots during February–March 2012 and February–March 2013 (Fig. 
4.1a) and measured overstory canopy openness, height of the tree canopy above the 
understory, and height of the invasive shrub in the understory. Measurements were 
made at 5 equidistant (20 m) locations along the central north-south axis of the plots 
(Fig 4.1b). I collected data for a total of 91 plots of the 122 that were used by 
Sundaram (2011). These were representative of almost all cover types present in the 
landscape. The remaining plots were not accessed as the field-work permits from the 
Forest Department expired and could not be renewed within the season. After 
elimination of erroneous recordings and missing data values I was able to use 76 of 
these in my analysis.   
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2.2.2. Response variables 
Lantana structural response was measured using four response variables. For 
abundance, each stem of Lantana with diameter > 1cm was counted within the plot 
which gave the measure as number of stems/400 sq m. Basal area for each stem of 
Lantana within the plot was calculated as  πr2 where r was the radius of each stem 
with diameter >1 cm.  Total basal area of all stems per plot was then divided by the 
number of stems to calculate the mean basal area of Lantana (sq m). This served as an 
index of biomass of an average Lantana individual. In addition, I also used total basal 
area of Lantana per plot as an index of total biomass of Lantana per plot. In my field 
visits I measured Lantana height at 5 points within the plot and averaged it over 5 
readings for each plot as the fourth response variable.  
2.2.3 Predictor variables 
 I used a set of predictor variables that I hypothesized would determine Lantana 
structural response. These predictor variables were the following.  
1. Overstorey canopy openness (CO) 
Invasive plants have been known to respond differently to different levels of canopy 
openness and structure of tiered forests (Cole and Weltzin 2005). Lantana, although 
shade-tolerant (Carrion-Tacuri et al. 2011), is a light-demanding shrub species 
growing in the understory, and shows preference for locations with more open 
canopies in the overstorey as compared to closed canopies (Duggin and Gentle 1998). 
Therefore Lantana would be expected to be less abundant and smaller under canopies 
that are more closed.   
Canopy openness above the understory was measured using a spherical densiometer 
at 5 equidistant locations within each plot (See Fig 4.1.b). This was then converted to 
a percentage value and averaged across the plot. 
2. Average overstorey tree canopy height (TH) 
Tree canopy height above the Lantana shrub canopy can influence its structural 
development by inhibiting light and space availability for the shrub. Taller overstorey 
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trees allow more diffuse light to reach the understory. Height of the canopy trees 
above the understory was measured at 5 equidistant locations within the plot (Fig 
4.1.b) and then averaged for the plot.  
3. Elevation (E) 
Lantana is known to occur across a wide range of elevations from sea level to 
approximately 2000 m (Matthew 1971). While Lantana structural response to 
elevation could be tested for this particular site, elevation was also considered here as 
a surrogate for climatic variables such as orographic precipitation and temperature, 
which were not available at this fine a resolution for this landscape. The digital 
elevation model (DEM) acquired from ASTER satellite data at 30 m resolution was 
used. 
4. Slope (S) 
Steeper slopes have thinner soils with low moisture (Nagle 2000) and in turn may 
support lower abundances of plants. Lantana is expected to show structural variation 
in response to variation in slope, with gentler slopes supporting higher abundances 
and/or taller stems. Slope (in degrees) was derived from the ASTER DEM. 
5. Aspect (A) 
This study site has high elevation ridges running along the north-south direction thus 
producing two distinct easterly and westerly aspects. Slope and aspect have proved to 
be major factors in determining understorey vegetation community responses along a 
temperate elevational gradient (Gracia et al. 2007). Aspect plays an important role in 
determining solar insolation. Also, the geographic location of this site facilitates 
precipitation from both southwest and northeast monsoons. Thus, variation in aspect 
may promote variation in vegetation structure. Aspect was derived from the ASTER 
DEM. This value ranged from 0 to 359 for all directions. Since these data are circular 
in structure, the aspect was transformed using trigonometric functions into 2 variables 
that led to a better representation of aspect. These variables were: 
Northness = cos(Aspect); values ranging from 1 = North to -1 = South 
Eastness = sin(Aspect); values ranging from 1 = East to -1 = West  
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6. Normalized Difference Vegetation Index or NDVI (N) 
Lantana is known to occur preferentially in areas which are sparsely vegetated, 
although it is also observed and grows abundantly in moderately dense forests. NDVI 
is a satellite-data derived index of vegetation quality varying according to amount of 
biomass present and also according to phenological conditions, or degree of 
deciduousness. The values range from -1 (sparse, senescing vegetation) to 1 (dense, 
green, healthy vegetation). Lantana structure is expected to vary with density of 
surrounding vegetation. NDVI was used as a surrogate to measure vegetation 
greenness and density in the plots.  
A satellite image obtained from the Indian Remote Sensing (IRS) satellite LISS 3 for 
the date of November 1998, was used to calculate NDVI, and the average of NDVI 
for all pixels lying within the plot was recorded for this study. I chose to use satellite 
data from the November 1998 period when the recorded NDVI would characterize the 
overstorey tree canopy and not Lantana. Earlier studies in BRT TR show that though 
Lantana was present in 1998, it was sparsely distributed (Murali and Setty 2001), and 
only became widespread later (Sundaram and Hiremath 2012).  
7. Distance from streams (SD) 
Although Lantana is known to occur in dry areas such as scrub forests (Fensham et al. 
1994) and dry deciduous forests (Sharma and Raghubanshi 2010), it attains higher 
densities in moister locations, forming thickets close to streams (Ramaswami and 
Sukumar 2014). The distance of every plot centre from the closest stream was 
calculated.  
8. Forest type map (F) 
Lantana has been reported from several forest types across the tropics, ranging from 
dry and open scrub vegetation (Raghubanshi and Tripathi 2009) to moist and dense 
semi-evergreen vegetation types (Islam et al. 2001). This study area is known to 
support a high diversity of vegetation types. The first forest type map developed for 
this study site using visual interpretation of satellite data (36 m resolution) and 
intensive field sampling classifies the land cover into 14 different types (including 
plantations and water bodies) (Ramesh and Menon 1997). Forest type information for 
each plot was taken from this map. 
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3. Statistical Analyses 
An exploratory analysis was performed at first to check for correlations among the 
predictor variables. Depending on ecological importance, appropriate variables were 
then chosen to perform final analyses. Amongst the continuous variables, the slope 
and aspect did not indicate any relationship with any of the three response variables.  
These variables are conducive to plant response at a landscape scale, which may not 
show a direct relationship with the response variables which were measured within 
the plot. Hence these predictor variables were not considered for further studies. 
Since the vegetation type variable would provide similar information as that given by 
NDVI, which was measured at a much finer scale than the vegetation type, it was 
decided to exclude vegetation type, and use the NDVI value as a surrogate for 
vegetation type. Distance from streams was retained in the variable set, as it has been 
shown to produce a positive response in Lantana density and abundance elsewhere in 
southern Indian dry forests (Ramaswami and Sukumar 2014) and could be used as a 
predictor for moisture availability. The final set of predictor variables comprised 
canopy openness, overstorey tree height, elevation, NDVI, and distance from streams.  
3.2. Model development and selection  
 
I used a model selection, information-theoretic approach for evaluating which 
predictor variables explained most of the structural variability in Lantana as 
characterized by the four response variables. A model selection approach is 
considered preferable to hypothesis testing as it enables ranking the relative 
importance of several predictor variables in determining a particular response 
(Burnham and Anderson 2002, Johnson and Omland 2004).  
I developed a global model with all predictors, independent models with single 
predictors, and models containing two predictors (for two-way interactions).  All 
models were developed a priori. I used only two-way interactions and no higher order 
interactions due to small sample size (n= 76). In a model comparison approach, it is 
important to develop a robust set of models to understand the influence of each 
independent predictor on the response (Burnham and Anderson 2002). Thus, I 
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developed a total set of 18 models including the global model, for each response 
variable.  
Two-way interaction models included were those that were ecologically meaningful. 
This meant that only those interaction terms that could possibly have a combined 
effect on the structural response of Lantana — i.e., the effect of one variable would 
bring out changes in Lantana structural response at diverse values of the other 
variable — were included. Elevation was considered an important variable for 
characterizing overall Lantana structural response, because it served as a surrogate for 
climatic variables (rainfall and temperature), direct measurements for which were not 
available at this fine a resolution. However, its interactions with other variables were 
not considered, since it was measured at the landscape scale and averaged at the plot 
scale. The following possible interactions were taken into account: 
a. Canopy openness and tree height: Since canopy openness as well as taller 
overstorey trees allow for more light to penetrate to the shrub level and affect their 
growth response, it was considered that within a more open canopy, an increase in 
tree height would affect Lantana structure positively.  
b. Canopy openness and distance from streams: Earlier research has indicated that 
Lantana abundances and area occupied by the shrub are higher at distances closer to 
streams. With a more open canopy that allows for more light to penetrate to the 
shrubs, Lantana occurring closer to streams would manifest a positive change in its 
structure.  
c. Tree height and NDVI:  Habitats with higher NDVI denote presence of denser 
canopies, and moister vegetation types, with low light.  When a landscape is covered 
by tall trees, the areas within this landscape with higher NDVI values would indicate 
denser trees, and therefore allow less penetration of light, affecting Lantana structure 
negatively. 
d. Tree height and distance from streams: At distances  farther away from streams, 
Lantana is known to be less abundant. With tall trees, which allow for more light but 
less moisture availability, Lantana structure would be affected negatively.  
e. NDVI and distance from streams: In habitats with high NDVI (healthier, greener 
overstorey canopy), Lantana growth is limited due to high shade. Within such 
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habitats, at farther distances from streams Lantana structure would show a negative 
response.  
 Considering the possibility that the invasive species structural performance may be 
markedly dependent on overstorey canopy characteristics, two models were built 
specifically by considering three of the independent variables that characterized 
overstorey canopy (tree height, canopy openness and NDVI) together, either with all 
three variables taken together in an additive format or with the respective interaction 
terms. 
A generalized linear model (GLM) with Gaussian errors and an identity link was used 
to model both Lantana height and Lantana mean basal area. Lantana abundance, being 
count data, was modeled using a GLM with a Poisson family and a log link function.  
The data were first checked for the fit of the global model by observing the variance 
explained. The overdispersion parameter was calculated and found to be high (31.5) 
for the abundance data. This was corrected for by using a quasi-Poisson family rather 
than a Poisson one, which corrects for overdispersion. I then used the corrected form 
of Akaike Information Criterion (AICc) for small sample sizes as recommended by 
Burnham and Anderson (2002), when the ratio between the number of observations 
used to fit the model (n = 76) and the number of parameters in the largest (global) 
model (K = 10) is < 40, to compare models.  For model comparison to select the one 
that explained most of the variance in the data, I used Delta AICc, where Delta AICc 
= AICc(i) - AICc(min). I used AICc weights derived from Delta AICc, which indicate 
the probability of the candidate model to be the most parsimonious and best 
approximating of the response, given the current dataset, and exhaustive set of 
hypothesized models. Akaike weights are scaled between 0 and 1, representing the 
proportional support of the focal model, given all models calculated from the data. 
The cumulative Akaike weight was then considered after ranking the models in order 
of decreasing AICc weights. Models for which the weights converged at 0.99 were 
then considered for performance evaluation by prediction. The Root Mean Square 
Error and Residual Standard Error for each of these top models was calculated. Next, 
the residuals were plotted against the fitted values to test the fit of each model, and to 
check for unexplained relationships in residuals of the data. Finally, the Akaike 
weights for all models where a particular predictor variable appears, were summed to 
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arrive at the weight of evidence for support of each predictor across all models. All 
data analysis was done in the software R (R Core Development Team 2012).  
 
4. Results 
4.1. Model development and selection 
The five selected predictor variables were used singly and in combination for possible 
two-way interactions in model development. A total of 18 models were developed for 
each response variable (Table 4.1).  
 
Table 4.1. Model descriptions for variable evaluation. CO = Canopy openness, TH = 
Tree height, E = Elevation, N = NDVI, SD = Distance from streams.  
Variables Statement of Model Explanation of model inputs 
Single independent variables (all together, additive) 
CO, TH, E, N, 
SD  
M1 = CO + TH + E + N + 
SD All variables singly  
Single interaction models 
CO, TH M2 = CO + TH + CO*TH 
Only canopy openness and tree 
height with interactions 
TH, N M3 = TH+N + TH*N  
Only tree height and NDVI with 
interactions 
CO, SD M4 = CO + SD + CO*SD 
Only Canopy openness and stream 
distance with interactions 
TH, SD M5 = TH + SD + TH*SD 
Only tree height and stream distance 
with interactions 
N, SD M6 = N + SD + N*SD  
Only NDVI and stream distance with 
interactions 
Single variable models   
CO M7 = CO Canopy openness 
TH M8 = TH Tree height 
E M9 = E Elevation 
N M10 = N NDVI 
SD M11 = SD Stream distance 
Canopy Group variables model (additive only) 
CO, TH, N M12 = CO + TH + N 
Canopy openness, tree height, NDVI 
(additive only) 
Canopy Group variables model (with interactions) 
CO, TH, N 
M13 = CO + TH + N + 
CO*TH +TH*N 
Canopy openness, tree height, NDVI 
(with interactions) 
Model with interactions for only CO 
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CO, TH, E, N, 
SD 
M14 = CO + 
TH+E+N+SD+ CO*TH+ 
CO*SD 
Interactions with canopy openness 
only and all 5 single variables 
Model with interactions for only TH 
CO, TH, E, N, 
SD 
M15 = CO + 
TH+E+N+SD+CO*TH 
+TH*N+TH*SD 
Interactions with tree height only and 
all 5 single variables 
Model with interactions for only N 
CO, TH, E, N, 
SD 
M16 = CO+TH+E+N+SD+ 
TH*N+N*SD 
Interactions with NDVI only and all 5 
single variables 
Model with interactions for SD only 
CO, TH, E, N, 
SD 
M17 = CO+TH+E+N+SD+ 
CO*SD+ TH*SD+ N*SD 
Interactions distance from streams 
only and all 5 single variables 
Global Model 
CO, TH, E, N, 
SD 
G = CO + TH + E + N + 
SD + CO*TH + CO*SD + 
TH*N + TH*SD + N*SD 
All five independent variables and all 
five relevant interaction terms 
 
All 18 models were tested for their ability to predict each of the three response 
variables, and performance of the models was compared, using the sums of the 
Akaike weights for all models (Tables 4.2 to 4.5). The best model, or the model which 
explains the maximum variance in the data, ranks at the top, with its AICc value being 
the minimum, AICc weight being maximum, and Delta AICc value being 0. All other 
models are ranked below this in descending order of AICc weight. The AICc weight 
column indicates the convergence of the weights of all models added one at a time to 
converge to 1, ranked in descending order of weight. The last column lists the residual 
standard error as a measure of evaluation of model performance.  
 
4.2.1. Lantana height 
Table 4.2. Comparison of all models for Lantana height ranked by Delta AICc with 
residual standard errors. CO = Canopy openness, TH = Tree height, E = Elevation, N 
= NDVI, SD = Distance from streams. 
  AICc comparison  
Model 
Performance 
Model AICc Delta_AICc AICcWt Residual SE 
TH*SD+ TH + SD 246.0585 0.0000 0.6562 1.4990 
TH 249.6832 3.6247 0.1071 1.5970 
TH+N + TH*N 250.3693 4.3107 0.0760 1.5490 
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CO + TH+E+N+SD+CO*TH 
+TH*N+TH*SD 251.0236 4.9651 0.0548 1.4080 
CO + TH + N 252.5707 6.5122 0.0253 1.5760 
CO+TH+E+N+SD+ CO*SD+ 
TH*SD+ N*SD 252.5745 6.5159 0.0252 1.4250 
CO + TH + CO*TH 252.9065 6.8480 0.0214 1.5800 
CO + TH + N + CO*TH +TH*N 253.2776 7.2191 0.0178 1.5250 
TH+CO+E+N+SD 255.2734 9.2148 0.0065 1.5490 
CO+TH+E+N+SD+ TH*N+N*SD 255.8744 9.8159 0.0048 1.4940 
CO + TH + E + N + SD + CO*TH + 
CO*5 + TH*N + TH*SD + N*SD 256.1366 10.0781 0.0043 1.4000 
CO + TH+E+N+SD+ CO*TH+ 
CO*SD 260.4871 14.4285 0.0005 1.5480 
E 275.8312 29.7727 0.0000 1.9530 
SD 276.4260 30.3675 0.0000 1.9530 
N 278.2460 32.1874 0.0000 1.9890 
CO 278.7317 32.6732 0.0000 1.9970 
N + SD + N*SD 280.7336 34.6751 0.0000 1.9570 
CO + SD + CO*SD 280.8136 34.7550 0.0000 1.9580 
 
The top-ranked model for Lantana height is the one that includes tree height, distance 
from streams, and their interaction. (AICc 246.059), while the model that includes 
canopy openness and stream distance and their interaction ranks lowest (AICc 
280.814) (Table 4.2). Tree height emerged as one of the most important variables to 
explain Lantana height, appearing in the top 11 models, independently, and/or in 
interaction with other variables. Variation in Lantana height seems to also be related 
to NDVI, which appears in three of the top five models. Canopy openness also 
appears among the top few models. 
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4.2.2. Lantana abundance 
Table 4.3. Comparison of all models for Lantana abundance ranked by Delta AICc 
with residual standard errors. CO = Canopy openness, TH = Tree height, E = 
Elevation, N = NDVI, SD = Distance from streams. 
  AICc comparison  
Model 
Performance 
Model AICc Delta_AICc AICcWt Residual SE 
CO + TH + E + N + SD + 
CO*TH + CO*5 + TH*N + 
TH*SD + N*SD 2620.8092 0.0000 0.8865 45.0300 
CO + 
TH+E+N+SD+CO*TH 
+TH*N+TH*SD 2625.0584 4.2492 0.1059 45.1300 
CO + TH+E+N+SD+ 
CO*TH+ CO*SD 2630.3386 9.5294 0.0076 45.1400 
CO+TH+E+N+SD+ 
TH*N+N*SD 2657.5008 36.6916 0.0000 45.4400 
CO+TH+E+N+SD+ 
CO*SD+ TH*SD+ N*SD 2666.8584 46.0492 0.0000 45.4500 
CO+TH+E+N+SD 2670.2426 49.4334 0.0000 45.5200 
CO + TH + N + CO*TH 
+TH*N 2690.4208 69.6116 0.0000 45.7600 
TH+N + TH*N 2726.2890 105.4798 0.0000 46.1200 
CO + TH + N 2750.4111 129.6019 0.0000 46.1900 
N 2817.4247 196.6155 0.0000 46.8400 
N + SD + N*SD 2817.5175 196.7083 0.0000 46.8100 
E 3069.8253 449.0161 0.0000 48.6900 
CO + TH + CO*TH 3113.9970 493.1878 0.0000 49.0700 
CO + SD + CO*SD 3125.2204 504.4111 0.0000 49.2300 
TH + SD + TH*SD 3176.3528 555.5436 0.0000 49.5600 
SD 3177.2625 556.4533 0.0000 49.6000 
TH 3198.2100 577.4008 0.0000 49.7700 
CO 3198.2888 577.4796 0.0000 49.7700 
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For Lantana abundance, the global model with all independent predictors and 
interaction terms emerged as the top-ranking model with an AICc weight of 0.886 
(Table 4.3). However there was a large gap in the AICc weight of the models that 
ranked second, and below. The second ranking model was that of Tree height with 
interactions, the third was that of canopy openness with interactions and the fourth 
was that of NDVI with interactions. Thus models with variables related to canopy 
characterization and interaction terms ranked higher, although those models related to 
canopy characterization with single independent variables did not rank very high. 
Tree height did not rank high for the abundance response, but NDVI did appear 
among all the top 11 models. Thus, Lantana abundance was responsive to models 
with interactions, or with multiple independent predictors taken together, rather than 
any single independent predictor.   
 
4.2.3. Lantana mean basal area 
Table 4.4. Comparison of all models for Lantana mean basal area ranked by Delta 
AICc with residual standard errors. CO = Canopy openness, TH = Tree height, E = 
Elevation, N = NDVI, SD = Distance from streams. 
  AICc comparison  
Model 
Performance 
Model AICc Delta_AICc AICcWt Residual SE 
E -942.2784 0.0000 0.9383 0.0003 
CO + TH + E + N + SD -933.9275 8.3509 0.0144 0.0003 
CO + TH+E+N+SD+ CO*TH+ 
CO*SD -933.6108 8.6675 0.0123 0.0002 
TH + SD + TH*SD -933.0880 9.1904 0.0095 0.0003 
TH -932.0320 10.2463 0.0056 0.0003 
CO + TH+E+N+SD+CO*TH 
+TH*N+TH*SD -931.9376 10.3408 0.0053 0.0002 
CO + TH + N + CO*TH +TH*N -930.4053 11.8731 0.0025 0.0003 
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CO + TH + N -930.4047 11.8736 0.0025 0.0003 
CO + TH + CO*TH -930.1492 12.1292 0.0022 0.0003 
TH+N + TH*N -930.1362 12.1422 0.0022 0.0003 
CO+TH+E+N+SD+ 
TH*N+N*SD -929.9648 12.3136 0.0020 0.0002 
CO+TH+E+N+SD+ CO*SD+ 
TH*SD+ N*SD -929.9319 12.3465 0.0020 0.0002 
N -927.4586 14.8197 0.0006 0.0003 
CO + TH + E + N + SD + 
CO*TH + CO*5 + TH*N + 
TH*SD + N*SD -926.4747 15.8036 0.0003 0.0002 
N + SD + N*SD -925.9245 16.3539 0.0003 0.0003 
SD -924.2406 18.0378 0.0001 0.0003 
CO -921.2750 21.0034 0.0000 0.0003 
CO + SD + CO*SD -920.3552 21.9231 0.0000 0.0003 
 
For mean basal area of Lantana, the model with elevation taken independently ranked 
highest with a large difference in Delta AICc from the second ranking one, while the 
model with canopy openness and stream distance and their interactions ranked the 
lowest (Table 4.4).  Here, again, the AICc weight of the top-ranking model (0.9383) 
was much higher than the weights of all models ranked below. The models with 
variables that characterized the canopy did not emerge at the top, but appeared among 
the median ranking models.  
 
4.2.4. Total Basal Area 
Table 4.5. Comparison of all models for Lantana total basal area ranked by Delta 
AICc with residual standard errors. CO = Canopy openness, TH = Tree height, E = 
Elevation, N = NDVI, SD = Distance from streams. 
  AICc comparison  
Model 
Performance 
Model AICc Delta AICc AICcWt Residual SE 
E -290.0154 0.0000 0.4279 0.0287 
CO + TH + E + N + SD -288.4660 1.5494 0.1972 0.0271 
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N -288.3846 1.6309 0.1893 0.0290 
N + SD + N*SD -285.1078 4.9076 0.0368 0.0287 
CO + TH + N -285.0675 4.9479 0.0361 0.0287 
CO + TH+E+N+SD+ 
CO*TH+ CO*SD -284.7154 5.3000 0.0302 0.0268 
TH+N + TH*N -284.3363 5.6792 0.0250 0.0289 
CO + TH+E+N+SD+CO*TH 
+TH*N+TH*SD -283.5226 6.4928 0.0167 0.0265 
CO+TH+E+N+SD+ 
TH*N+N*SD -283.4429 6.5726 0.0160 0.0270 
SD -281.6427 8.3727 0.0065 0.0305 
CO + TH + N + CO*TH 
+TH*N -281.5995 8.4160 0.0064 0.0285 
CO+TH+E+N+SD+ CO*SD+ 
TH*SD+ N*SD -280.5745 9.4410 0.0038 0.0271 
TH -279.9550 10.0604 0.0028 0.0308 
CO -279.1517 10.8637 0.0019 0.0310 
CO + TH + E + N + SD + 
CO*TH + CO*5 + TH*N + 
TH*SD + N*SD -277.9462 12.0693 0.0010 0.0265 
CO + TH + CO*TH -277.7395 12.2760 0.0009 0.0303 
TH + SD + TH*SD -277.3149 12.7005 0.0007 0.0304 
 CO + SD + CO*SD -277.2334 12.7821 0.0007 0.0304 
 
For the total basal area, although elevation ranked as the top model (similar to mean 
basal area), NDVI featured in 7 of the top 8 models (Table 4.5), and ranked 3rd 
among all the models. The models that use variables related to canopy 
characterization did not appear together, but were separated where the additive terms 
model ranked higher (no 5, AICc -285.07) while the one with interaction terms ranked 
much lower (no 11, AICc -281.6). The interaction model with canopy openness and 
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stream distance ranked lowest in this set also (AICc -277.23), similar to the set with 
abundance, as well as that with height.  
Using a multi-model inference approach, the summed weight of evidence for each 
predictor was then used to compare their abilities to explain the response variables 
(Table 4.6). Summing up the Akaike weights for each predictor across all the models 
where it appears, I found that tree height and stream distance, in that order, are the 
most important predictors for Lantana height. Elevation best predicts mean basal area 
of Lantana. For total basal area maximum weight of evidence is in favour of elevation 
followed closely by NDVI. For Lantana abundance, however, all predictors seem to 
contribute equally.  
Table 4.6. Summed weights of evidence for each predictor variable with respect to 
their abilities to predict the response variables.  
Predictor Response 
  
Lantana 
height 
Lantana  
abundance 
Lantana mean 
basal area 
Lantana total 
basal area 
Canopy openness 0.1606 1.0000 0.0435 0.3109 
Tree height 0.9999 1.0000 0.0607 0.3368 
Elevation 0.0962 1.0000 0.9746 0.6929 
NDVI 0.2153 1.0000 0.0443 0.5585 
Stream distance 0.7524 1.0000 0.0462 0.3097 
 
 
5. Discussion 
The overall analysis indicates that different measures of Lantana structure show 
varying relationships with the measured predictor variables. Here I consider each 
response variable and discuss the contribution of each predictor in explaining its 
variability.  
5.1.  Lantana abundance 
Considering the summed up weights of evidence across all models in the Akaike 
table, no single predictor emerged as an important one for Lantana abundance. 
Predictors taken in combination — such as the interaction models of the predictors 
from the canopy characterization group — did seem to contribute slightly to the 
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variability in abundance. The appearance of the Global model at the top also suggests 
that including all the predictors for modelling abundance was indicative of their 
shared contributions. Studies elsewhere in the Western Ghats have found that Lantana 
density was positively associated with native tree basal area (Ramaswami and 
Sukumar 2013). If one considered NDVI as a surrogate for tree health and vigour in 
this site, this result for abundance may appear similar to that of Ramaswami and 
Sukumar (2013). At medium levels of canopy openness and farther distance from 
streams, lower abundance values were noted more often than higher abundance 
values. Again, this corresponds with observations elsewhere among dry deciduous 
forests, where tree canopy cover was negatively associated with Lantana cover 
(Raizada et al. 2008).  
In context of earlier studies in this landscape which indicate a rapid increase in 
abundance and density over a comparatively short period of time (Sundaram and 
Hiremath 2012), it may be fair to say that Lantana has adapted well to the range of 
environments that are seen in the BRT TR area and proliferated across the landscape 
regardless of forest types. This may also be the reason why none of the environmental 
parameters measured in this study stand out as unique explanatory variables for the 
distribution of Lantana abundance. 
 
5.2. Lantana height  
Among the individual predictor variables, overstorey tree height proved to be an 
important variable showing a positive relationship with Lantana height (AICc rank 2).  
This may be explained by the indirect or diffused light allowed to penetrate towards 
the lower storeys or ground by taller trees in forest habitats, which allows the 
understorey shrubs to grow taller. Overstorey tree height taken along with NDVI 
pointed out a higher influence on Lantana height variability. Although canopy 
openness — which is a direct indicator of light availability in the understorey — did 
not seem to bring about variation in Lantana height independently, when considered 
along with Tree height and NDVI, it did seem to affect Lantana height variability. A 
possible explanation could be that since both NDVI and tree height are indicators of 
site quality, these results possibly signify that variation in Lantana height across the 
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landscape is also driven by these indicators of site quality. These observations suggest 
the importance of the canopy characterization group consisting of three predictor 
variables towards variability in Lantana height. 
Distance from streams ranked second in terms of cumulative Akaike weight of 
evidence (Table 4.6). The influence of both overstorey tree height and distance from 
streams was also brought out by the fact that the interaction model including these 
two predictors emerged at the top. As studied elsewhere in the Western Ghats, 
moisture is definitely an important factor in influencing Lantana structural properties 
(Ramaswami and Sukumar 2014), evidenced also by the results in Chapter 3, of a 
preference for moist deciduous forests. At farther distance from streams, shorter 
Lantana shrubs were encountered at lower elevations and even with taller trees. 
Elevation did not contribute much towards explaining the variation in Lantana height.  
 
5.3. Mean basal area of Lantana 
The summation table for Akaike weights of evidence indicates elevation as the most 
important predictor for mean basal area with a cumulative weight of 0.975, while all 
other predictors remained at very low values. The study site shows a large variation in 
elevation range and Lantana has been observed in all habitats except evergreen 
forests, spanning almost the complete elevation range except for between 1600 to 
1800 m (Personal observation).  It may therefore be fair to say that at lower 
elevations, basal area remained low, indicating smaller individuals, increasing in size 
as elevation increased. Sahu and Singh (2008) found a variation in Lantana invasion 
at differing altitudes, which brought out some structural variation in Lantana as well 
as native shrub densities, although they could not attribute it directly to Lantana 
density. Overstorey tree height proved somewhat important for mean basal area, 
though the cumulative weight is much lower than that of elevation (Table 4.7). 
Shorter trees supported Lantana shrubs with lower mean basal area, but at median tree 
heights of 11–20 m, higher values of mean basal area were observed within higher 
elevation and NDVI classes. At more closed canopies, mean basal area was higher; 
however basal area was consistently low at lower elevations and shorter tree heights 
across all measures of Canopy openness. Closer to streams, in areas with shorter trees 
Mean Basal Area remained on the lower side. 
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5.4. Total basal area of Lantana 
Considering the summed up Akaike weights of evidence, elevation ranked as the top 
predictor for the total basal area, followed by NDVI. As a single predictor, NDVI 
ranked fairly high (3rd) among all the models and the total basal area appeared to vary 
within its entire range for medium as well as high NDVI values. Generally forested 
areas where NDVI values are high usually are greener, and have high basal area for 
trees. Ramaswami and Sukumar (2013) found that Lantana density was positively 
correlated to total basal area of native trees in a seasonally dry forest. Although my 
study does not use ground information for total basal area of trees, NDVI could be 
considered a surrogate for the same.  
The total basal area  response also showed no relationship when plotted against 
Canopy openness, it was generally consistently low at lower elevations and higher 
distance from streams. It varied at a low positive rate with tree height and did increase 
at median tree heights between 10-25 m.   
 
5.5 Investigating for non-linear responses: Quantile regression 
The model comparison method for assessing the performance of independent 
predictors, their combined effect, as well as the interactions amongst them provided 
limited conclusive results. While certain predictor variables did emerge as important 
for Lantana structure as a whole (e.g., tree height, and NDVI), their overall predictive 
power was insufficient to make definitive conclusions as to whether the invasive 
species structure was linearly responsive to changes in them. It has been observed that 
a heterogeneous environment may cause variable responses in a population due to 
plasticity (Gratani 2014).   
Considering the tremendous adaptability shown by Lantana to environmental 
parameters within different landscapes, as well as my field observations regarding its 
plastic behaviour within this study site, I also investigated whether the structural 
response of Lantana varied non-linearly as a function of continuously changing 
gradients of environmental parameters. I used a quantile regression test for this 
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purpose. Quantile regression has been used in ecological studies to measure effects 
that are not evidently brought out by an ordinary least squares regression technique 
(Scharf et al. 1998, Cade et al. 2005, Schröder et al. 2005). This technique allows an 
assessment of the response variable at different quantiles of the predictor variable, and 
considers a possible non-linear relationship (Alexiades and Fisher 2015) and has been 
used in invasion studies also (Iacarella et al. 2015). I conducted quantile regression 
analyses of each of the predictor variables against all the response variables. 
 
5.5.1. Canopy openness 
In studies across the world, canopy openness, which is a surrogate for the amount of 
light available in the understory, has been shown to have a positive correlation with 
Lantana intrusion (Duggin and Gentle 1998), Lantana shrub patch size (Totland et al. 
2005) as well as densities (Fensham et al. 1994). Within India Raizada et al. (2008) 
have shown that Lantana does not accumulate much biomass under high shade. 
However, contrary to expectations, this study did not bring out a clear response of 
Lantana structure to canopy openness (Fig. 4.2). Although abundance and total basal 
area values in this study show a somewhat positive relationship with canopy openness 
in the highest quantile, no true positive relationship has emerged.  
 
Figure 4.2. All response variables plotted against Canopy Openness with quantile 
lines plotted at 20% to 90%. 
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5.5.2. Overstorey Tree height 
As is evident from the models, tree height appears to indicate a positive relationship 
with Lantana height, as well as mean basal area. The quantile plots show an 
increasing trend for almost all the quantiles of each of the response variables (Fig. 
4.3). The highest quantile of total basal area however, has a much lower slope for 
variation with tree height. This means that at higher quantiles of total basal area, the 
variation with respect to overstorey tree height is not much. This result may be 
difficult to interpret given that the components of the total basal area value both show 
an increasing trend of Lantana response to the predictor at each set of quantiles.  
 
Figure 4.3. All response variables plotted against Tree height with quantile lines 
plotted at 20% to 90%. 
 
5.5.3. Elevation 
Elevation seems to consistently show a positive effect on Lantana structure, although 
not a very strong one for Lantana height. At higher quantiles of abundance and mean 
basal area, elevation seems to show a strong positive relationship leading to increased 
values (Fig. 4.4). For this study site one may consider this to be a proxy for climatic 
variables also, such as rainfall (which increases with elevation), and temperature 
(which decreases at higher elevation). These, acting together, may have some 
influence on the growth of Lantana. The drier lower elevation areas in the Western 
Ghats tend to support shorter and thinner stems of Lantana, while medium elevation 
areas with slightly moister forests support denser stands (Personal observations - BRT 
TR and Nagarhole National Park).  
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Figure 4.4. All response variables plotted against elevation with quantile lines 
plotted at 20% to 90%. 
5.5.4. NDVI  
A closer look at the quantile plots indicates that at higher quantiles, Lantana height 
showed a negative relationship with NDVI (Fig. 4.5). This could possibly be 
attributed to the fact that high NDVI values usually occur among wetter, greener 
forest types, with denser canopies. Such habitats may evidently support shorter shrubs 
of Lantana, although at intermediate to high NDVI values, taller Lantana shrubs are 
seen. In this study area, moist deciduous forests have shown higher ranges of NDVI 
values (NDVI mean = 0.58), although not as high as those seen in evergreen forest 
types (NDVI mean = 0.6).   
 
Figure 4.5. All response variables plotted against NDVI with quantile lines plotted 
at 20% to 90%. 
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5.5.5. Distance from streams 
Other studies have indicated distance from streams to be an important determinant of 
Lantana structural variation (Ramaswami and Sukumar 2014). However, in this study, 
distance from streams did not have a major influence on Lantana structural behaviour, 
except on Lantana height, and that too, as an interaction with tree height. From the 
quantile plots, it appears that at the highest quantile, all four response variables 
showed a decreasing trend (Fig. 4.6). However, there are some data gaps in the 
current dataset at the median distance from streams, (as a result of following an 
existing sampling framework to maintain consistency of Lantana observations), which 
do not reflect a Gaussian distribution among the plots sampled at different distances 
from streams. It is likely that this may have influenced the outcomes of the models. It 
would be useful to collect more data at sample plots measured specifically at defined 
distances from streams to enable a more definitive conclusion  
 
Figure 4.6. All response variables plotted against Stream distance with quantile 
lines plotted at 20% to 90%. 
 
5. 6. Implications for Mapping 
This study shows limited evidence for strong (positive or negative) relationships 
between all the studied predictor variables and the structural response of Lantana. 
Many studies on Lantana have indicated its highly adaptive nature and phenotypic 
plasticity enabling it to spread in an unrestrained manner in several habitats and 
across continents (Castillo et al. 2007, Carrion-Tacuri et al. 2011). Particularly for 
121 
 
India, a niche modeling study by Goncalves et al. (2014) has indicated that the shrub 
has shifted its climatic niche greatly; in India 34% of its occurrence reports are in 
areas warmer than those found in its native range. Although the temperature gradient 
was not tested in this study, our observations and findings indicate that Lantana may 
exhibit highly adaptive behaviour. Field observations confirm ubiquitous occurrence 
of the shrub in this study site in all habitats regardless of biophysical variation, as well 
as anthropogenic influences. Although model selection is a highly regarded technique 
for comparing predictor importance towards a response, the inability to select a best 
model may not be a defect of the method used. As Burnham and Anderson (2002) put 
it, it is simply the inability of the given data to arrive at a strong inference, and the 
data are ambivalent regarding some effect or structure which may not have been 
measured. Thus, in such cases they recommend making multi-model inferences based 
on all models. On performing this exercise, the overstorey tree height did emerge as 
an important contributor to at least one of the structural response variables tested. 
Using quantile regression also proved a useful exercise since it dealt with parts of the 
range of the environmental variables, and not only their averages. Vaz et al. (2008) 
have effectively predicted species distributions from environmental data using 
quantile regression approaches. While the parameters tested in this exercise were 
important for assessing some structural adaptations in Lantana, an experimental 
approach or a focused hypothesis-building and data collection approach may provide 
more evidence to draw definitive relations between Lantana behaviour  and different 
environmental conditions.  
The important role played by the overstorey canopy was highlighted in the models. 
Variation in canopy greenness, as well as the amount of light allowed by the canopy 
to reach the understory seem to be vital for allowing proliferation and growth of the 
invasive shrub. Even as knowledge regarding this behaviour of Lantana is not 
completely new (Gentle and Duggin 1997, Carrion-Tacuri et al. 2011), it is a 
confirmation for this particular site, with its physiographic complexity and mosaic of 
forest types. This therefore makes a case for developing mapping methodologies that 
focus on overstorey canopy characteristics, which help characterize Lantana structure 
and behaviour in different habitats. Studies in the Himalayan foothills have used 
remote sensing techniques to distinguish Lantana patches from surrounding 
vegetation (Kandwal et al. 2009, Kimothi et al. 2010). Studies in Australia by Taylor 
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et al. (2011, 2012) have attempted mapping using different satellite sensors and 
compared results. However these attempts have considered pure contiguous stands of 
Lantana in forest openings, or secondary forests, and have not attempted to 
characterize Lantana within the context of the overstorey canopy. 
The findings from this study are thus particularly relevant from the perspective of 
implementing a methodology to map the invasive shrub in this landscape using above-
canopy information. Environmental variables, biotic as well as abiotic, contribute to 
the difference in Lantana occurrence and structure in the different vegetation types 
supported in this landscape (see also chapter 3). For example, although dry deciduous 
forests allow more amount of light due to sparse growth and seasonality, the average 
tree heights in the dry forests in this study site are comparatively lower, and the 
pronounced dry season may provide a drier environment, less suitable for Lantana, as 
compared with the moist deciduous forests where it performs well. It is possible to 
map and monitor these vegetation types periodically, using RS data with limited 
supplementary information about Lantana from the ground. By using technology and 
methods which merge these pieces of information to delineate areas with Lantana, 
characterized by the various structural forms that it adopts on the ground, a true 
monitoring mechanism may be identified.  
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Chapter 5 : Mapping understorey invasive shrub 
Lantana camara in a tropical mixed forest landscape : a 
comparison of pixel-based and object-based 
approaches 
 
1. Introduction 
Plant invasions occur at rapid rates within diverse habitats across the globe, from 
grasslands to dense forests, and  spread over large areas (Mack et al. 2007). It is 
imperative for most owners and land managers to therefore keep track of newer 
invasions within their landscapes and continuously monitor existing ones so as to 
disallow further spread and intrinsic transformations within the ecosystems (Gardener 
et al. 2011, Dodet and Collet 2012, Hiremath and Sundaram 2013). While it is vital to 
manage the response of the invasive plant on the ground for local control (te Beest et 
al. 2012),  it is equally important to be able to study larger areas for detecting new 
invasions and extent of spread (Brooks and Klinger 2009, Bai et al. 2013).   
Systematic and repeated observations - monitoring - are essential for ecosystem 
management to enable managers to detect, document, and respond to changes. 
Monitoring of the invasion process involves repeated observations for recording the 
advance of the invasion over different seasons and across years, which is made 
possible by synoptic and frequently repeated observations of large and small 
landscapes by remote sensing. Mapping invasion over long temporal periods has been 
possible due to the now long history of the availability of remote sensing (RS) data 
across many regions in the world (Laliberte et al. 2004, Gavier-Pizarro et al. 2012).   
Recent advances in RS technology now provide for very high resolution (VHR - 
multispectral resolution 2 m or lower as stated in Nagendra and Rochhini (2008)) data 
for land cover mapping. The use of these data for remote detection of invasive plants 
has proved useful in several different ecosystems, and for a variety of species 
(Mohamed et al. 2011, Doody et al. 2014). Comparative studies of VHR data and 
medium resolution data for invasive species detection have often proved that VHR 
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data were extremely effective (Everitt et al. 2008), although medium resolution data 
could be used in areas where invasive species stands are contiguous and large to allow 
detection at stand level (Mullerova et al. 2013). This can be effective specifically in 
areas where monitoring of very large regions demands investment in several images 
which may prove expensive and process-intensive if VHR data were used. However, 
VHR data are increasingly proving to be of much use in the process of invasion 
mapping specifically because of the precision and detail that these data provide in 
separating signatures of different landcover types. These data have been used largely 
in temperate regions as well as grasslands to single out invasion by one or two species 
occurring in homogeneous stands  (Laliberte et al. 2004, van Lier et al. 2009, 
Marshall et al. 2014).  Although VHR data is now widely being used for invasion 
mapping, many scientists argue that the amount of detail provided by these data may 
sometimes prove to be too much for easy separation of intended classes (Nagendra 
and Rocchini 2008). The amount of complexity that these datasets provide is such that 
regular parametric approaches to image classification may not be sufficient to derive 
maximum benefits from the large amount of information they contain. Newer 
methods such as object-oriented approaches (Lantz and Wang 2013), Support Vector 
Machines (Gil et al. 2013), and Spectral Angle Mapper (Schmidt and Witte 2010) 
provide the facility to utilize not only the spectral information, but also the spatial and 
contextual information in VHR data to characterize landscapes in their complexity, 
and pick out the invasive species much more efficiently.  
Object-based image classification is emerging as an effective tool for identifying land 
cover types that are identified as independent units, not only on the basis of spectral 
information from the pixels, but also from spatial information that is inherent in the 
structure of the land cover type (Yu et al. 2006). Many land cover types  are observed 
to appear in a particular pattern in a satellite image, within the type, as well as with 
reference to co-occurring types or landscape features. This information relevant to 
their spatial characteristics - such as shape, compactness, proximity - can be included 
in object-based classifiers, identifying patches of each land cover class as independent 
objects conforming to these characteristics. This approach has been shown as an 
effective mechanism for using an ecological approach to habitat mapping using multi-
date VHR data across multiple locations (Nagendra et al. 2015).  Thus, landscape 
complexity, of spectral as well as spatial and contextual information, can be included 
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in the object-based approach to landcover classification. This approach has proved 
useful in mapping invasive plant species in recent years (Brenner et al. 2012). 
The spatial resolution of VHR data allows for this complex object-based approach to 
be used in detection of invasive plant species which occupy contiguous patches when 
they occur in clumps (Wan et al. 2014). The combination of using VHR data in an 
object-based approach further augments mapping capabilities provided by remote 
sensing technology, utilizing the enhanced spatial detail from the VHR data along 
with the capacity of object-based mapping to separate independent patches of invasive 
alien plants (Lantz and Wang 2013, Wan et al. 2014). 
The remote detection of invasive plant species in tropical forests has been an uphill 
task primarily because the diversity of tropical forests manifests in a large amount of 
spectral variability shown by the species themselves, and because of the intricate 
mixed species-community complexes that are formed when several species occur 
together in multi-species stands. However, recent advances in technology such as 
hyperspectral RS in combination with VHR data on airborne platforms provide 
cutting edge mechanisms for detecting invasive plants (Asner et al. 2008b). These 
studies have used fine resolution spectra to map out individual tree species in tropical 
forests, using their phenological or structural traits to single them out from the dense 
mixed top canopies. While invasive tree species (Asner et al. 2008a, Asner et al. 
2008b) and aquatic species (Underwood, 2007) have been easily detected using VHR 
data, cryptic understorey species in forests have definitely proved harder to detect. 
Large, open, pure and continuous stands of invasive shrubs have been easier to map, 
in temperate regions (van Lier et al. 2009, Shouse et al. 2013), as also in tropical 
forests (Taylor et al. 2010, Padalia et al. 2012), proving it more convenient for 
managers to mitigate this threat. However, a considerable proportion of invasive plant 
species that occur in tropical forest landscapes are shrubs which appear in the 
understorey (Richardson and Rejmanek 2011), covered by the canopy of the 
overstorey tree species which themselves occur in several tiers. This makes it even 
more difficult to be able to map the understorey invasive plants as the satellite sensor 
cannot detect their presence underneath the multiple tiers of canopy above (See Joshi 
et al.  (2004) for a summary of RS for invasive species' canopy characterization 
according to life forms). It is imperative that some mechanisms of detection and 
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mapping understorey invasive shrubs are devised which would help in their periodic 
monitoring towards possible prevention from further spread.   
Given the capabilities of object-based  approaches for mapping contextual cover 
types, and those of VHR data for detection of detail in the landscape, a combination 
of these tools seems like an effective methodology to be followed for remote 
detection of invasive plants in the understorey of tropical forests. However very few 
such studies have been undertaken which incorporate both, the method and the data 
type, to detect tropical understorey invasion (Ghulam et al. 2014).   Even as object-
oriented techniques have been used for mapping invasion in the tropics (Walsh et al. 
2008), their use for understorey shrub detection has been limited.   
Although direct measurement of reflectance from invasive plants would be the 
preferred mapping mechanism for precise species level detection, several studies have 
proved that using indices of various kinds generated from the reflectance bands has 
also been successful in marking out invasive species (Karnieli et al. 2013). This has 
been effective using medium spatial resolution satellite data not only for large stands 
(Sridhar et al. 2010), and open area- (Zimmermann et al. 2011) or wetland-species 
(Ouyang et al. 2013), but also for understorey species such as the Amur honeysuckle 
Lonicera mackii (Wilfong et al. 2009, Johnston et al. 2012). While many detection 
techniques use vegetation indices directly as bands for classification  or in regression 
with field observations (Johnston et al. 2012), some studies have also indicated the 
effective use of index thresholding with satellite data (Bhandari et al. 2012) for 
delineating land cover classes or even invasive grasses (Olsson et al. 2011).  
The tropical forests of the Western Ghats are home to a great diversity of plant 
species comprising different life forms, forming complex vegetation assemblages. 
Reports on plant invasion in the Western Ghats have emerged in the recent past 
(Muniappan and Viraktamath 1993), wherein large tracts have been covered by 
unchecked spread of invasive shrub species (Bhagwat et al. 2012, Sundaram and 
Hiremath 2012). While documentation of invasive species occurrence and spread is 
growing (Chandrasekaran and Swamy 2010, Kimothi and Dasari 2010, Rao and Sagar 
2012, Joshi et al. 2015), few studies have undertaken invasive species mapping using 
RS technology in the Western Ghats (Prasad 2008).  
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I seek to describe and compare two  RS approaches used to find an optimum method 
for mapping the understorey invasive shrub species Lantana camara (henceforth 
Lantana) in the tropical dry forest landscape  of the BRT TR in the Western Ghats 
region in southern peninsular India. Although high incidence and spread of Lantana 
has been reported from this site (Kimothi and Dasari 2010), satellite data mapping has 
not been done for this species so far. I attempt to discriminate the invasive shrub 
within this forested landscape using a pixel-based and an object-based method in 
classifying multi-season VHR data, adopting a hierarchical framework in both 
approaches. I build on the response of the species to selected vegetation indices to 
delineate areas where Lantana occurs based on the dominant forest types where it is 
reported in the understorey.  
 
2. Methods 
2.1. Study Area and vegetation mapping 
The Biligiri Rangaswamy Temple Tiger Reserve (BRT TR) is a highly biodiverse 
protected forest situated at the convergence of the Western and Eastern Ghats in 
southern peninsular India. The complexity and diversity in the vegetation of BRT is a 
function of the spatial variability in topography and climate, along with human 
activities including fire (see Chapters 3, 4). Using a RS technique of visual 
interpretation of SPOT data, the vegetation of the sanctuary has been classified into 
ten different types from dry scrub thickets to dense wet evergreen forests at high 
elevations (Ramesh 1989, Ramesh and Menon 1997). The denser cover types among 
these support tiered forests, which are found in mixed stands. A later study used 3-
date NDVI and a rule-based tree model for classifying the vegetation of the TR into 
16 different classes, which included transition classes such as ecotones between moist 
and dry deciduous forest types (Krishnaswamy et al. 2004).  
2.2. Species 
Lantana is a native of Central America, and was introduced into India by the British in 
1809 (Cronk and Fuller 1995, Bhagwat et al. 2012). In the BRT TR area, it was first 
reported in 1934 as an incidental record (Ranganathan 1934). More recent studies 
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have reported its occurrence (Murali and Setty 2001), and subsequently its widespread 
increase (Sundaram and Hiremath 2012). These studies provide important baseline 
information about invasion of Lantana in this landscape.   
Due to its highly invasive nature and large area spread, techniques for mapping 
Lantana using RS technology have been developed and refined in other countries such 
as Australia (Taylor et al. 2010, Dlamini 2012, Taylor et al. 2012). However, although 
predictive modeling of Lantana spread has been done for locations across the Indian 
subcontinent (Priyanka and Joshi 2013, Adhikari et al. 2015), there are very few 
examples in India where mapping of Lantana using RS techniques has been attempted 
(Prasad 2008, Kandwal et al. 2009, Kimothi and Dasari 2010). My work differs from 
these earlier mapping efforts mainly in three ways - the use of multi-season VHR 
data, the implementation of a hierarchical classification approach, and the use of an 
object-based classification technique. Within this framework I also utilize image 
transformations such as texture and vegetation indices to help discriminate Lantana 
from surroundings.  
2.3. Field work 
Due to the highly expensive nature of VHR data, I was able to acquire VHR satellite 
imagery for only a 100 sq km patch within the BRT TR. Hence, although field 
sampling for Lantana structural characterization was conducted across the whole TR, 
systematic sampling for presence of Lantana was conducted in this 100 sq km patch 
consisting of all major land cover types. The sampling methodology allowed for 
detailed data collection at 35 locations in the 100 sq km covered by the satellite 
images. These sites were located as centre points of a 2 km by 2 km grid covering the 
study site. In order to make sure and include disturbed areas where a greater presence 
of invasive species was likely, additional locations were identified along roads and 
human settlements for detection of Lantana. In all, ground truth data were collected 
for 115 locations within the area covered by satellite data. This included detailed 
sampling for the 35 sampling locations, and ground truth on presence/absence of 
Lantana for the remaining 80 locations (Fig 5.1). The sampling involved laying out of 
plots 80 m by 5 m across, and noting Lantana presence or absence at 5 different 
locations separated from each other by 20 m within the plot. Surrounding forest type 
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was also noted for a better understanding of the land cover in order to aid in the 
supervised classification approach.  
 
 
Figure 5.1. Location of study area with sampling sites, ground truth sites and 
extent of satellite data coverage. 
 
2.4. Data 
The 100 sq km area covered by the available satellite data was selected on the basis of 
the number of different forest types it supported, as this would allow mapping of 
Lantana in all the diversity of habitat types that supported its growth and proliferation.  
We used a 4-band multispectral image acquired on 7th January 2011 by the Geo-Eye 
satellite as the wet season image (spatial resolution 2 m), and an 8-band multispectral 
image acquired by WorldView 2 (spatial resolution 2 m) on 14th March 2013 as the 
dry season image (Fig 5.2). The unique rainfall regime experienced by this site allows 
for only a short window of time when it is completely dry, and hence acquisition of 
cloud-free satellite data for this time was particularly challenging.  
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   a.      b. 
Figure 5.2. Satellite data used. a. Wet season image - 7th January 2011. FCC with R: 
4 (NIR); G: 3 (Red); B: 2 (Green). b. Dry season image - 14th March 2013. FCC with 
R: 7(NIR1); G: 4 (Red) B: 3 ( Green) 
 
2.5. Image Pre-processing 
Satellite data analysis involved two stages, the first of which was pre-processing to 
make them usable for further analysis. For pre-processing, both images were first 
ortho-rectified in ERDAS Imagine TM software. Orthorectification is the process of 
correcting the geometry of an image using a digital elevation model to remove errors 
introduced due to terrain complexity and the angle of the sensor viewer. This process 
places pixels in their true position with reference to 3-dimensional space. Top of 
atmosphere reflectance values -- reflectance data measured by the sensor from its 
location above the atmosphere -- were then used in all further processing of the data.  
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2.5.1.Texture layer 
Since Lantana is a shrub with small leaves about 2-10 cm long, and thorny stems, 
forming clumps or thickets within forest understorey, its general structure would be 
differentiable within the image if the pattern of spectral response is distinguishable 
from that of the overstorey canopy. Texture measures can prove useful in vegetation 
discrimination especially for VHR data (Ge et al. 2006), as the high spatial resolution 
produces quick changes in the spectral pattern variation among adjoining pixels 
(Hudak and Wessman 1998). Kimothi and Dasari (2010) have effectively used texture 
measures along with image fusion techniques for mapping Lantana in the Sivalik 
region.  
I tested several statistically derived texture measures such as variance, skewness and 
entropy. Variance measures the local variance within the processing window defined 
by the user, and replaces the central pixel with that value. Skewness is a measure of 
the asymmetry of the data around the mean of all pixel values within a window. 
Entropy is a measure of randomness within a measurement window. Among these 
measures, entropy was visually found to be a good discriminator for the shrub 
patches. Entropy was calculated at different window sizes and compared visually for 
discriminatory ability. As the image has a very fine spatial resolution of 2 m, the 
window size of 7 x 7pixels for performing texture analysis visually appeared to 
perform well enough to separate different textures for the land cover types. Kernel 
windows of smaller size produced images that were too grainy to separate different 
land cover classes by textural differences (Fig. 5.3). An entropy layer using a 7 x 7 
pixel window was therefore finally considered appropriate for both the images.     
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  a.    b.    c. 
Figure 5.3. Comparison of image FCC and two texture layers with different kernel 
sizes. a. Wet season image. b. Entropy with 5 x 5 window. c. Entropy with 7 x 7 
window.   
 
2.6. Image analysis for detection of Lantana 
2.6.1. Preliminary exploratory analysis of satellite data for bands and indices 
I did a simple correlation analysis to look at band correlations for each image 
separately, to check for redundancy of information in bands that were highly 
correlated. Lantana is a species that largely occurs in open forests and performs well 
in high light conditions. It has a high tolerance range for moisture availability and 
survives in very dry as well as moist conditions (Day et al. 2003). Previous studies 
(Kandwal et al. 2009, Kimothi and Dasari 2010, Taylor et al. 2010) have indicated the 
effective use of vegetation indices for detection of Lantana in hilly areas as well as 
forested regions. Kandwal et al (2009), have tested the use of 29 different indices for 
detection of Lantana, concluding that SAVI was the most effective in their study site 
in the Himalayan forests. Based on these studies, I calculated a set of five indices 
(NDVI, SAVI, TVI, Green-Red, and Blue-Green-NIR) for each of the two season 
images (Table 5 1).  
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Table 5.1. Formulae for calculating indices tested. 
Name Formula 
Soil Adjusted Vegetation 
Index  
((NIR-RED)/(NIR+RED+L))*(1+L), where L = 1.0 
Blue-Green-Near Infra 
Red 
(Green+((Blue/ NIR)/Green)) 
Green-Red  Green-Red 
Normalised Difference 
Vegetation Index  
(NIR-Red)/NIR+Red) 
Transformed Vegetation 
Index   
SQRT (((NIR-RED)/(NIR+RED)+0.5)) 
 
2.6.2. Preliminary exploratory analysis of Lantana presence using logistic 
regression 
To develop a preliminary understanding of  satellite spectral response to the presence 
of Lantana, a logistic regression based model was considered as a suitable method for 
identifying the reflectance bands and indices that were more indicative of the species' 
presence. Logistic regression allows the calculation of a multivariate regression 
between a dependent variable which is binary, and a set of several independent 
variables. It is a useful technique to predict the presence or absence of a phenomenon 
based on observed binary data such as presence/absence, or even to understand the 
probability of the phenomenon occurring, given each independent variable range 
(Ramsey and Schafer 2002). It is particularly relevant in this analysis as I was trying 
to understand if the spectral response recorded by the sensor has been able to detect  
the presence/absence of the invasive species strongly enough to have predictive 
power. I used the presence/absence status of Lantana from 115 locations in the 100 sq 
km area of the field site which was covered by the remotely sensed data. Each of the 2 
different seasonal images (4 bands for wet - Geo-Eye image and 8 bands for dry - 
WorldView 2 image) were considered separately, and then together as  a 12-band 
image, in which all bands from both seasons were considered as predictor variables. 
Since the data were binary (presence/absence), I developed generalized linear logistic 
regression models with a binomial distribution function using the reflectance bands 
and five indices, separately for the independent seasonal images, and the 12-band 
image. Given that this was only a preliminary analysis and the models were not to be 
considered in a competitive predictive framework, no comparative analysis of the 
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complete models was done, and the reflectance bands and indices were used 
independently in further classification. All statistical analysis was done in open access 
software R (R Core Development Team 2012).  
 
2.6.3. Pixel-based classification 
A standard pixel-based analysis using maximum likelihood supervised classification 
was performed at first to check the efficiency of VHR data in detecting invasive 
understorey species. A hierarchical approach was undertaken in which the image was 
first classified into basic land cover classes, and then a select few of these classes 
were further processed for detecting Lantana. Since Lantana is an understorey species, 
it has always proven difficult to map out separately from the overstorey canopy 
vegetation, unless it occurs in continuous open patches within the forested area. 
Hence, it was important to separate out the different vegetation types that support this 
species, and then apply further processing to these classes.  
Supervised classification was performed separately on the images for the single wet 
season image, and the combined layer stack of wet and dry season images, with and 
without texture bands. Signatures were identified from known locations for 9 different 
cover classes in the scene. These included Water, Shadow, Bareground, Impervious, 
Scrub, Dry Deciduous Forest, Moist Deciduous Forest, Evergreen Forest, and a pure 
class for the invasive species Lantana. After detailed evaluation of the signature set, a 
supervised classification was performed using the maximum likelihood method.  The 
output of this supervised approach was a classified image with 9 different cover 
classes. As Lantana forms the understorey vegetation cover, only those vegetation 
classes which yield to detection of vegetation under the top canopy were considered 
for further analysis. From my field observations, Lantana has not been observed in the 
Evergreen forest type except for one or two rare instances. Of the 9 classes in the 
classified image, 4 classes were selected to be used further for mapping presence of 
Lantana within those classes. These included Moist Deciduous Forest, Dry Deciduous 
Forest, Scrub and the Lantana class (with pure Lantana stands). A mask (0 = absence, 
1 = presence) was generated using these 4 classes. The mask of selected vegetation 
classes was then applied to the different index images generated from mathematical 
transformations of bands, to mask out classes with no probability of occurrence of 
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Lantana. Of the 5 indices that were tested in the exploratory analysis, only 3 were 
chosen to be included in this analysis. NDVI was excluded as it mostly corresponded 
to the overstorey canopy response. TVI and NDVI were very closely correlated 
(Pearson's K = 0.99 for both dry and wet season indices). The resulting images 
obtained from masking were then subjected to independent thresholding of their 
values. The thresholding was based on a range defined by observed iterative checking 
for index values at occurrence locations of Lantana from field observations. A set of 
45 field data locations were used for defining the thresholds of indices with presence 
of Lantana, while the rest (50) were used for testing. Table 2. indicates the thresholds 
decided upon for each index after exploratory testing.  
Table 5.2. Maximum and minimum values of indices defined for thresholding.  
  
Original Values - wet  Original Values - dry Thresholds set 
Index Min Max Min Max Min Max 
SAVI  -0.357 1.7555 0 1.7727 1.36 1.71 
Green-Red -505 576 -70 49 120 175 
Blue-
Green-NIR  
150 527 43.013 345 268 312 
 
2.6.4.  Object-based classification 
2.6.4.a. Texture-based and non-texture based approaches 
The object-based approach to classification was conceptualized with the structural and 
spatial behaviour of the invasive species in focus. Such a technique has been proved 
an effective mechanism for using an ecological approach to mapping anthropogenic 
pressures using multi-date VHR data across multiple locations (Nagendra et al. 2015). 
As the species spreads in large contiguous clumps in open areas, as well as under 
somewhat closed canopies, its spatial form and appearance may be easily detected by 
considering spatial characteristics along with spectral values of reflectance. Thus, 
objects - basic entities as groups of pixels with similar spectral values and intrinsic 
size, shape and context characteristics which define their existence on ground - can be 
delineated as compact units of spectrally homogeneous contiguous pixels within 
habitat regions (Yu et al. 2006).  
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An object-based method of segregating pixels into classes replicates the elements of 
human method of interpretation of satellite data, and can be delineated to correspond 
to physical features in the landscape as well as incorporate associations with other 
ancillary data.  A hierarchical object-based approach was developed for delineating 
clumps of the invasive species within the image. eCognition TM software was used 
for all the object-based analysis. In an object-based approach, the most important step 
is to perform a good segmentation of the image such that the objects are delineated 
clearly to characterize the landscape for the specific objective of interest. 
Segmentation is a process by which entire images are subdivided into objects at 
various levels - from the pixel level to groups of pixels as larger and larger clumps at 
different scales, up to the entire image level. The eCognition software provides 
multiple algorithms and methods of segmentation and has several features which 
allow parameterization and threshold setting for identifying objects at different 
levels/hierarchies which correspond to variation in the habitat. The following 
methodology was followed for each of the wet season image and the wet-and-dry 
stack image, each one with, and without, the texture layer added as input for the 
segmentation process.  
First, a multi-resolution segmentation was performed wherein a range of  values were 
tested for compactness, scale and shape parameters. The scale parameter is used to 
determine the maximum allowed heterogeneity in the image objects. Thus, for a given 
scale parameter, a heterogeneous image will yield smaller objects than a 
homogeneous image (eCognition User Guide). Shape and compactness are parameters 
used to define the homogeneity of the objects. The shape parameter (ranging from 0-
0.9) is used to define objects with spatial homogeneity, at a cost to spectral 
homogeneity. Lower shape values indicate more percent weight given to spectral 
values of pixels in the data for defining objects. Compactness (ranging from 0-1.0) 
identifies the compressed nature of the objects, based on weak spectral contrasts, and 
is used to optimize objects for their compact shape. After several tests and iterations, a 
setting of 0.03 for compactness, a shape parameter of 0.01 units and a scale of 100 
units was considered appropriate for delineating clumps of the size that are regularly 
seen for this shrub in the field site. eCognition uses a hierarchical approach for 
classification, wherein segmentation results are stored at 'levels' above or below each 
other. When a segmentation process creates objects smaller in size than the next 
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process, those objects are stored at a lower level known as the sub-level, and objects 
are defined as sub-objects. The objects at higher levels, known as super-levels, are 
defined as super-objects and are always larger in size than the object size in the 
current segmentation process. Therefore, by definition, the lowest level is usually the 
single pixel-level, while the highest level is that of the entire image. Thus, the objects 
generated by our segmentation process were stored at a level we defined as 
'Large_objects' which would be subjected to further segmentation in a later process. 
Next, these objects were copied to two new levels called 'Samples' and 
'Classification', below the current level. This was done so that the objects identified in 
the segmentation could be used in the classification process as separate samples or 
signatures and the classification would be stored in a different level. The level at 
which the objects reside form a very important parameter in the processes run in 
eCognition TM, as they define hierarchy for multiple levels of segmentation and 
object definition. Next, a supervised classification approach was implemented in 
which specific objects delineated in the earlier segmentation process were assigned to 
land cover classes. Land cover classes to be classified were defined in the Class 
Hierarchy window. Here,  the defining feature statistics of each class (defined by 
eCognition TM as 'Nearest Neighbour membership functions') which would be used 
for classification were identified. These were taken as the mean values for Red and 
Green bands, as well as the Green-Red and Blue-Green-NIR index. Based on field 
information, objects that belonged  to particular classes were selected and assigned to 
those class signatures defined in the Class Hierarchy. Sample/signature statistics were 
therefore taken from these object samples.   
Next, a nearest neighbour classification was performed on the objects, assigning each 
of them to appropriate classes based on the statistics defined in the Class Hierarchy. 
The nearest neighbour classifier algorithm in eCognition searches for sample image 
objects that are closest to the feature space characteristics of each segmented object, 
assigning the objects to the closest classes with similar feature space characteristics. 
The image was classified into 9 land cover classes based on object signatures, 
identical to the ones in the pixel-based classification. These were - Scrub, Moist 
Deciduous Forest, Dry Deciduous Forest, Evergreen Forest, Shadow, Water, 
Impervious, Bareground, and a separate class Lantana (for independent separable pure 
clumps of Lantana). These classes were then copied to a new map, and only the 
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classified object level was retained. Next, for the classes that had high probability of 
occurrence of Lantana in the understorey, as well as the pure Lantana class, a multi-
resolution segmentation was performed with modified parameters. This process was 
implemented to delineate smaller objects within the larger objects of forest canopy 
classes identified at the higher level. After several trial and error attempts for this 
segmentation, final parameters arrived at were scale = 25, compactness = 0.4 and 
shape = 0.2, which differentiated pixel clusters forming objects that were similar to 
those observed in the landscape for clumps of the invasive shrub. The smaller objects 
were saved at a hierarchical level lower than that of the large objects. Finally, objects 
were classified into the Lantana class based on index-image thresholding. Thresholds 
were obtained from a preliminary exploratory analysis of objects that had mean values 
of each index. Class rules were defined such that objects would be classified into the 
Lantana class only if the mean index value per object lay between the defined 
thresholds, and if they belonged to the set of super-classes identified to be the ones 
supporting understorey Lantana. Here, too, the standard nearest neighbour statistics 
for classification were incorporated into the class rules.   
2.6.4.b. Segmentation approach based on earlier vegetation type map  
A different approach was also tested for hierarchical classification using the 
vegetation classification map produced by Krishnaswamy et al (2004). The primary 
aim of this method was to use an existing classified map (Fig. 5.4)  to distinguish land 
cover classes as large objects within which further separation of Lantana could be 
attempted.  This vegetation map with 16 classes was used as the primary-level 
separator for mapping the landcover classes which supported Lantana in the 
understorey. However, an area of about 4 sq km was excluded out in this earlier 
classification map as it was classified as settlement area with agriculture. A shapefile 
of this classified map was imported into eCognition TM. This was done by using the 
process of chessboard segmentation, which evaluates each pixel into an object by 
itself, and compares it to the object-size criterion. By defining a large object-size 
value of 999999999 which is larger than the existing object-size within the shapefile, 
and using a chessboard segmentation process, this allowed for importing all polygons 
from the classified vegetation map into eCognition. Next, of the 16 classes in this 
map, 10 classes of interest were separated out by defining these as a mask in the Class 
Hierarchy. These classes were Moist Deciduous, Dense Moist Deciduous, Dry 
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Deciduous with Bamboo, Ecotone between Moist and Dry Deciduous, Dense Scrub, 
Open Scrub, and four types of Dry Deciduous Forest. Further, a multi-resolution 
segmentation to create smaller objects was performed within only these  selected 
classes. For this process, the scale parameter used was 25, while the compactness was 
at a value of 0.1 and the shape parameter was 0.4. Once the small objects were 
delineated, they were subjected to the rule-based classification using threshold range 
definitions for each of the three indices similar to the process in the texture- and non-
texture based methods.  
 
Figure 5.4. Vegetation type map (2004) for the subset of the study area covered by 
the satellite data.  
 
2.6.5. Accuracy assessment 
Accuracy assessment for each of the three methods of classification was performed in 
the software IDRISI. Ground truth presence/absence information from the 115 field 
observation points was used as validation data. Each of the classified maps obtained 
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from the 3 different indices, for each of the classification methods - pixel-based and 
object-based was tested for accuracy and confusion matrices were obtained.  
 
3. Results 
3.1. Logistic regression 
The logistic regression analysis for each of the wet season and wet-and-dry season 
stack images did not yield very noteworthy results (Tables 5.3 and 5.4). The models 
performed poorly in most cases, with the Pseudo Rsq values being around 0.1. Only 
in the dry season indices model, the Green-Red index seemed to show significant 
relationship with Lantana presence, at a 90% confidence level, and for the 2-season 
stack model, the relationship was significant at 90% confidence for the Blue-Green-
NIR index. 
 
Table 5.3. Logistic regression summaries for models with 2 season bands   
 Estimate Std. 
Error 
Significance Pseudo 
Rsq 
(Intercept) -6.584 12.303  0.126 
Wet Image Band1 0.036 0.037   
Wet Image Band2 0.004 0.037   
Wet Image Band3 -0.038 0.025   
Wet Image Band4 0.001 0.002   
Dry Image Band 1 0.427 0.434   
Dry Image Band 2 -0.757 0.424 .  
Dry Image Band 3 0.349 0.252   
Dry Image Band 4 -0.293 0.363   
Dry Image Band 5 0.182 0.137   
Dry Image Band 6 -0.071 0.136   
Dry Image Band 7 0.009 0.037   
Dry Image Band 8 -0.005 0.042   
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Table 5.4. Logistic regression summaries for models with 2 season indices 
 Estimate Std. 
Error 
Significance Pseudo 
Rsq 
(Intercept) 252.700 314.000  0.0853 
SAVI - Wet 5425.000 4295.000   
TVI - Wet -148.800 309.400   
Blue-Green-NIR - Wet -0.063 0.045   
NDVI - Wet -10800.000 8600.000   
Green-Red - Wet 0.085 0.047 .  
SAVI - Dry -689.200 1196.000   
TVI - Dry -161.400 287.000   
Blue-Green-NIR - Dry 0.136 0.147   
NDVI - Dry 1456.000 2491.000   
Green-Red - Dry -0.033 0.121   
 
Overall, therefore, one could not draw confirmatory conclusions regarding the 
particular reflectance bands or indices that contributed in a large way to helping 
distinguish the presence of Lantana in the field. Hence, it seemed appropriate to use 
all reflectance bands and indices for pixel-based and object-based classification as 
next steps.  From the correlation analysis, I found that the TVI, NDVI and SAVI were 
very highly correlated with each other (Pearson's K = 0.99). To remove redundancy, I 
decided to use SAVI and the other indices that were relevant in this landscape for 
further mapping Lantana.  
 
3.2. Pixel-based classification 
The pixel-based classification produced very different results for the two different 
image stacks, although the overall classification results appear visually similar (Fig 
5.5). Area calculations for each cover type did vary across the methods of 
classification (Table 5.5).  
 The single wet season classified image created a salt and pepper appearance, as the 
classes were not identified as contiguous sets of pixels. Several pixels or small groups 
of pixels were interspersed with each other, in a spatially disjunct manner. The 2-
season combined image however shows spatially contiguous classes and less of a salt-
and-pepper appearance. Some misclassifications in the classes of Scrub and Dry 
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Deciduous Forest seem to have occurred. Incorporating the texture layer in the pixel 
based classification did not improve much upon accuracies, but a visual inspection of 
the classified map indicates how clearly the contiguity of classes is maintained in this 
output. The texture measure helped to keep the spatial integrity of the classes, and 
thus clumps of pixels emerged almost as objects in the output.  
 
 
  a.    b.  
Figure 5.5. Landcover types obtained from pixel-based classification. Top row : Wet 
season, Bottom row: 2 seasons. a. With texture. b. Without texture 
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Table 5.5. Areas under different land cover types for the different methods of 
classification (sq km).  
  Wetseason 2season 
  With texture Without texture With texture Without texture 
Classes 
Pixel-
based 
Object-
based 
Pixel-
based 
Object-
based 
Pixel-
based 
Object-
based 
Pixel-
based 
Object-
based 
Bareground 4.494 2.185 4.428 3.098 4.684 2.014 4.638 2.794 
Lantana 18.357 9.250 19.229 6.566 14.770 7.806 16.520 5.566 
Evergreen 
Forest 18.200 12.046 17.332 16.916 13.738 11.154 13.691 20.921 
Dry Deciduous 
Forest 18.537 19.938 19.764 23.007 24.810 21.057 25.352 22.577 
Moist 
Deciduous 
Forest 25.836 46.955 24.731 39.403 29.065 48.225 26.649 36.923 
Scrub 6.739 3.696 6.296 5.296 5.678 3.941 5.601 5.590 
Water 1.033 0.218 1.350 0.005 0.500 0.146 0.583 0.034 
Shadow 0.969 0.114 1.090 0.041 0.733 0.115 0.901 0.000 
Impervious 0.388 0.120 0.333 0.218 0.573 0.087 0.618 0.146 
Unclassified 0.040 0.031 0.040 0.003 0.040 0.008 0.040 0.000 
Totals 94.592 94.552 94.592 94.552 94.592 94.552 94.592 94.552 
 
This classification of land use classes at a preliminary level was used to create a mask 
of 4 different classes, which was then used to perform thresholding on indices to 
separate out Lantana. The variation in the outputs of the first level classification did 
allow for different outcomes at the second-level of classification. However, index-
based thresholding produced very similar maps of Lantana (Fig 5.6) as this was done 
only within the already identified specific vegetation classes, and thresholds applied 
were the same across all the first level outcomes. 
   
There was not much difference in the results of area under Lantana after index 
thresholding (Table 5.6) with the addition of the texture band, as is visually evident in 
the figure (5.6).  
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Figure 5.6. Pixel-based index thresholding for 2-season images of three indices Top 
row: With Texture. Bottom row: Without Texture. a. SAVI b. Green-Red index c. 
Blue-Green-NIR index 
 
Table 5.6. Area under Lantana based on pixel-based index thresholding for 
different images (sq km). 
  2season Wetseason 
  
With 
texture 
Without 
texture 
With 
texture 
Without 
texture 
SAVI 34.786 34.861 33.532 33.959 
Green-Red Index 40.372 40.475 40.088 40.573 
Blue- Green-NIR 
Index 35.520 35.616 37.739 38.020 
 
3.3. Object-based classification 
Object-based classification  produced fairly consistent results for almost all three 
types of classification (Table 5.5 and Fig 5.7). The exploratory work in scale, shape 
and compactness criteria for the segmentation helped in identifying objects that were 
realistic in their appearance to clumps of the invasive shrub found in the field. On 
visual inspection, the two-season image appeared to have fared better in terms of 
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classifying contiguous areas for each class, as well as identifying smaller clumps 
interspersed between higher level classes for Lantana as a pure class.   
 
  a.    b. 
Figure 5.7. Land cover types obtained from object-based classification. Top Row: 
Wet season, Bottom Row: 2-season. a. With texture. b. Without texture. 
 
Selected classes from these classified maps were further subjected to multi-resolution 
segmentation and thresholding based on indices (Fig 5.8). In the SAVI image Lantana 
was not classified at the north-west corner of the image, while both the other indices 
identified objects in that area as Lantana. The Blue-Green-NIR index image seems to 
have overclassified several areas into Lantana which may not have the presence of the 
shrub in such abundance (Table 5.7).  
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Figure 5.8. Object-based index thresholding for 2-season images of three indices. 
Top row: With Texture. Bottom row: Without Texture. a. SAVI b. Green-Red index 
c. Blue-Green-NIR index.  
 
For the index thresholding based on higher order land cover classes obtained from an 
existing classified map, an overall observation is that there are fewer areas showing 
presence of the invasive shrub delineated by this method (Fig. 5.9). Discounting for 
the area that was already excluded in the original map for the settlement class, the 
other areas which indicate presence of Lantana too have smaller polygons and are 
fewer in number.   
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Figure 5.9. Index thresholding  using the existing classified map. Top row: 2-season 
image stack. Bottom row: Wet season image. a. SAVI b. Green-Red index c. Blue-
Green-NIR index.  
 
Table 5.7. Area under Lantana based on object-based index thresholding (sq km).  
  2season Wetseason 
  
With 
texture 
Without 
texture 
With 
existing 
classified 
map 
With 
texture 
Without 
texture 
With existing 
classified 
map 
SAVI 35.573 30.733 26.662 35.676 32.792 26.771 
Green-Red 
Index 40.471 35.097 32.392 40.210 36.884 32.231 
Blue-Green-
NIR Index 37.414 33.121 30.956 38.437 35.315 31.932 
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3.4. Accuracy assessment 
3.4.1.Overview 
The accuracy assessment method used was the standard pixel-based presence/absence 
of Lantana compared in the classified maps to the reference field information. Overall 
accuracies for all the methods used hovered around 60% for the identification of 
Lantana. As an overview, the 2-season image with the texture band seemed to 
perform well in terms of accuracy of mapping Lantana. User's accuracies were 
generally higher than producer's accuracies or overall accuracies for each map. Using 
the pre-existing classified map in the object-based approach did not give good 
classification accuracies at all. Object-based accuracies were generally higher for both 
the wet season and 2-season images, except in the case of the SAVI index for the 
classification with inclusion of texture layer, where the SAVI index-based 
classification showed a lower value.  
3.4.2.Object-based 
Overall accuracy was highest in the classification produced by the Blue-Green-NIR 
index for the 2-season image, using the texture band and lowest for the classification 
using SAVI with the pre-existing classified map.  Producer's accuracy was highest for 
the Green-Red index in the 2-season classification with the texture information, while 
the it was lowest for the SAVI-index in the classification using the pre-existing 
classified map. User's accuracy was highest for the SAVI-index in the 2-season image 
with the texture band, while it was lowest for the wet season image classification with 
the Green-Red index.  
3.4.3. Pixel-based 
Pixel-based classification overall accuracy was highest for the Blue-Green-NIR index 
image for the wet season, and lowest for the Green-Red, also for the wet season. 
Similarly, user's accuracy was also highest for the Blue-Green-NIR index for the wet 
season (0.89), and lowest (0.75) for the Green-Red index for the wet season image. 
Inversely, producer's accuracy was highest for the Green-Red index for the 2 season 
image, and lowest for the Blue-Green-NIR index for the same image.  
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3.4.4. Seasonal classifications 
Wet : Both the Green-red and the Blue-Green-NIR indices performed comparably 
well for the wet season image, in terms of producer's accuracy, while SAVI did better 
for the user's accuracy, for the object-based classification. For pixel-based 
classification, the Green-Red index fared poorly for all three accuracy types (Table 
5.8).  
Table. 5.8. Classification accuracies for wet season image.  
  Producer's  User's Overall 
  Object-
based 
Pixel-
based 
Object-
based 
Pixel-
based 
Object-
based 
Pixel-
based 
SAVI 0.494 0.494 0.886 0.813 0.609 0.574 
Green-Red Index 0.544 0.494 0.811 0.750 0.600 0.539 
Blue-Green-NIR 
Index 
0.544 0.494 0.860 0.886 0.626 0.609 
 
2-season : Again, the Green-Red and Blue-Green-NIR indices performed well in 
terms of producer's accuracy as well as overall accuracy, while the SAVI performed 
well in terms of user's accuracy for the 2 season image for the object-based 
classification (Table 5.9). For pixel-based classification results, there seems to be no 
clear consistent result, and the indices have performed variably for the different 
accuracies measured.  
Table 5.9. Classification accuracies for 2-season image.  
 Producer's  User's Overall 
 Object-
based 
Pixel-
based 
Object-
based 
Pixel-
based 
Object-
based 
Pixel-
based 
SAVI 0.481 0.506 0.905 0.870 0.609 0.609 
Green-Red 
Index 
0.570 0.532 0.833 0.840 0.626 0.609 
Blue-Green-NIR 
Index 
0.544 0.506 0.878 0.870 0.635 0.609 
 
 
 
154 
 
 
4. Discussion and Conclusion 
Object-based classification of VHR data has proved very useful in recent years for 
achieving specific goals in mapping landscapes. The aim of delineating areas 
occupied by invasive shrub species was achieved in this exercise with varying 
precision. The use of the texture band in improving classification has been recorded 
earlier (Tsai and Chou 2006, Xie et al. 2008), and this did indeed prove true for this 
exercise. The overall appearance of the classified image at the higher order classes 
was much less pixellated for the one where texture was included. Accounting for 
spatial variation in pattern of spectral response, the texture data can add to the 
information provided by the spectral bands, such that target species/class may be 
differentiated from other surrounding classes (Kimothi and Dasari 2010). Class 
accuracies in delineation of the land cover classes were not calculated, as that was not 
the purpose of this exercise. However, when these higher order class delineations, 
with texture incorporated into the input set, were further used for index-based 
thresholding, the accuracies for Lantana identification increased.    
Using seasonal data definitely proved beneficial in improving the class delineations 
for the higher order classes (Tables 5.8 and 5.9). Frohn et al. have (2011) also 
achieved minor improvements in accuracy when using multi-season images over 
single season images for performing segmentation of Landsat data for wetland 
classification. A visual inspection of both the images indicates the areas in the image 
that harbour vegetation types which are seasonally dry, as is also evident from the 
existing vegetation map that was used in the exercise. However, visually, the dry 
season image alone did not indicate any presence of Lantana, especially in the drier 
land cover types such as scrub and Dry Deciduous Forest. Observations in the field 
have shown the proliferation and abundance of Lantana under certain land cover 
types, such as Moist Deciduous Forests, while under certain other land cover types, 
such as Evergreen and Semi-Evergreen Forests, it is practically absent or straggling, 
which would be impossible to capture on RS data. The primary higher level class 
delineations using two season images in the object-based classification (based on the 
segmentation of the data), as well as the pixel-based classification were more realistic 
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than those using only the wet season image. The final delineation of Lantana presence 
areas with index thresholding therefore yielded slightly better results.  
Classified map 
The use of the classified vegetation map for selecting classes that would support 
Lantana in the understorey did not prove very successful. Accuracies for all indices 
were much lower as compared to the other two methods of higher order class 
delineation. This may be a result of the reduced areas marked out as pure Lantana in 
this exercise, which left out a few places where the shrub was detected in field. The  
source classified map had polygons of several classes interspersed and juxtaposed 
with each other producing a complex cover map. This would have also created higher 
order class polygons which were complex enough to not have large contiguous areas 
covered by Lantana as seen in the field. Again, further multi-resolution segmentation 
was performed within these higher order polygons, and the objects formed from this 
exercise were subjected to thresholding, thus limiting the identification of structurally 
and spectrally unique objects that would further be classified as Lantana probably due 
to size of the clumps derived from existing class polygons. Further exploration of the 
scale, shape and compactness parameters for this part of the exercise would probably 
yield better results. However, the caveat still remains that this map was generated 
using satellite data from 1998-1999 (Krishnaswamy et al. 2004), which is fairly old 
and the landscape has changed drastically since then .  
Pixel vs Object  
A major objective of this study was to compare and observe variations in the 
classification potential of pixel-based vs object-based classification. Accuracy tables  
indicate that the object-based classification has worked better than the pixel-based, 
although the differences in accuracy are not tremendously different. For the higher 
level classes, a visual inspection indicates better spatial organization of the land cover 
types with the object-based method. Segmentation of the 2 season data produced 
objects that were more realistic as compared to the occurrences and abundances in the 
field, and followed landscape variation also, such as alignment to roads or slopes, 
which were not so evident in the segmentation produced from the wet season image, 
which had many more objects identified, increasing the complexity unnecessarily 
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(Fig. 5.10). Studies in tropical areas elsewhere have also indicated the use of the 
object-based approach as effective, especially when different levels of objects are 
used together to identify the invasive species of interest (Walsh et al. 2008). Although 
the wet season image visually indicated presence of the shrub in certain locations, the 
dry season image did not indicate that from the spectral data, especially in drier 
forests such as those with bamboo or in the lower elevation scrub area. However, the 
combination of all 12 bands together helped in identifying these clusters well, 
especially for the pure Lantana class. Again, the shapes of the objects in the pure 
Lantana class obtained in the object-based classification correspond well to the shapes 
and sizes of the Lantana shrub complexes seen in the field. Pixel-based classification 
however could not identify such compact polygons conforming to the pattern on the 
ground, and remained somewhat scattered with other class pixels. A more efficient 
accuracy assessment technique for checking the accuracies of object-based 
classification would have been to use a pattern-based accuracy assessment technique 
such as that by Desclee et al. (2006). 
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   a.      b. 
Figure 5.10. Detail of the study site indicating the shapes of objects as identified by 
segmentation. a. Segmentation from 2 season data displayed over dry season 
image. b. Segmentation from wet season data displayed over wet season image.  
 
The pixel-based classification did perform similarly for the 2 season data, but the salt-
and-pepper effect could not be eliminated even with refinement of signatures (Figs. 
5.11 and 5.12). Other work in mixed habitat areas has yielded similar results showing 
reduction of salt-and-pepper effect in object-based vs pixel-based classifications (Yu 
et al. 2006).  
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  a.    b.    c. 
Figure 5.11. Detail of the study site comparing pixel-based and object-based 
classification, showing the salt-and-pepper effect in the pixel-based classification. 
a. Pixel-based classification. b. Wet season image. c. Object-based classification. 
 
 
 
Figure 5.12. Detail of study site comparing Pixel-based vs Object-based 
classification for the pure Lantana class. Top Row: Pixel-based classification, 
Bottom Row: Object-based classification. a,b,e and f : Classification with texture 
map. c,d,g,and h : Classification without texture. a,c, e and g : Wet season 
classification. b, d, f and h: 2 seasons classification.  
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Also, several parts of the areas near or around Evergreen forest were classified into 
the pure Lantana class, which is rarely or almost never observed in the field 
(Sundaram and Hiremath 2012). Thus, this cover type was always overclassified in 
the pixel-based classification. The reverse was true for the Moist Deciduous forest 
type, which was well identified in the object-based classification, while not so clearly 
separated out in the pixel-based method (Fig. 5.11). A comparative closer look at the 
two types of classification where pure Lantana class was identified also showed 
misclassifications with Scrub or Evergreen classes for certain locations (Fig. 5.12). 
From previous reports (Kimothi and Dasari 2010, Niphadkar et al. 2016) and our field 
observations the Moist Deciduous forest type supports the maximum amount of 
Lantana. This was later identified clearly in the thresholding exercise. Thus, although 
area calculations for individual higher order classes was fairly different between the 
two methods, the overall amount of area covered by Lantana at the end of the 
mapping exercise was comparable and close in value.  
Indices  
The indices used in this study are a subset of those tested for a good delineation of 
Lantana based on earlier studies in tropical forests. Kandwal et al. (2009) have 
reported the use of several indices which they tested in the Himalayan forests, and 
arrived at the conclusion that SAVI and its various versions proved most effective for 
the detection of Lantana. However, our classification results do not indicate a 
substantial improvement in detection using SAVI vs using other indices. Spatial 
visualization of the maps shows that the Northwest corner of the study section was 
under-represented for the invasive shrub in the SAVI results, as compared to the other 
two indices, across all methods used. However, this area has predominantly dry 
forests and scrub vegetation which supports dense thickets of Lantana as seen in the 
field. The seasonality of the satellite data may have been the reason for this reduction 
in delineation of the shrub from this area. This drier area loses leaf for almost all the 
vegetation and most of the landscape supports thorny dry stems during the months of 
January - March. Although Lantana occurs in the understorey and is in leaf during 
early January, the leaves are not large and turgid with moisture, which may have 
reduced their response to the SAVI index. However, these areas were well-delineated 
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with the other two indices, which incorporated the red band and the blue band. 
Combinations of blue, red and green bands have shown to be effective for vegetation 
discrimination in arid landscapes (Pickup et al. 2000). Both the blue and the Red 
bands show higher reflectance values in drier forests as compared to moister 
vegetation areas, and seem to have therefore picked up the Lantana signal in the drier 
forests much better than SAVI.  
Overall conclusion  
The attempt to identify Lantana in the understorey vegetation of tropical forests has 
been fairly successful in this exercise with varying degrees of accuracy for each of the 
classification methods followed. Other studies for Lantana classification using RS 
have reported much higher accuracies (95% Dlamini - ranches and pasture, 
Swaziland; 96 % Kimothi et al - Sal forest, Sivalik hills, India; 84% Kandwal et al - 
Sal forest, Sivalik hills, India; 84 % Taylor et al - logged forest, Australia). However, 
these studies have been conducted in areas where pure stands of Lantana were clearly 
occurring alongside other vegetation types, or in logged forests where Lantana 
appeared as secondary growth in continuous stands. This study is the first of its kind 
where a hierarchical approach has been undertaken, to map Lantana at two levels - 
one as a pure stand, and the other as an understorey sub-class within other forest 
classes.  Again, other studies using indices for mapping of other understorey shrubs 
such as C. odorata have acquired higher accuracies (87%), however,  with a 
probability of occurrence approach and not a direct classification approach (Malahlela 
et al. 2015).Yet other studies that have managed to map understorey shrub species 
using an object-based, hierarchical approach on VHR aerial photo or satellite imagery 
data with higher accuracies have been conducted for continuous stands of the invasive 
species, in temperate areas with surrounding forests experiencing a distinct leaf-fall 
period or distinct phenological offset, which enables better separation of the invasive 
shrub (Mullerova et al. 2013, Shouse et al. 2013) and not in tropical areas.  
Moreover, higher accuracies among studies specific to tropical understorey areas have 
been achieved either with small tree species and not shrubs ((Pouteau et al. 2011)- 
97%; (Lu et al. 2013) - 84%; (Gavier-Pizarro et al. 2012) - 84%), or using abundance 
values from field data of large contiguous stands of the invasive species (Padalia et al. 
2012) and not dense understorey shrubs, or with intensive field data along with 
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multiple image datasets and active sensors such as LiDAR or RADAR ((Asner et al. 
2008b)- 91%; (Ghulam et al. 2014)- 99%) which I did not have access to. Active data 
sensors, although very effective, are almost impossible to acquire in India due to 
prohibitive costs and severe security regulations on commissioning aerial data 
acquisition. These limitations therefore restrict the possibilities of investigating any 
RS studies with active data sensors in India.  
Broad conclusions drawn from this study indicate that incorporating texture features 
and multi-season imagery definitely improves classification success. Object-based 
classification has proved useful in delineation of pure clumps of the invasive shrub 
itself, as well as in identification of classes where it occurs mixed with other species 
in the understorey. Multi-season VHR data can prove beneficial in marking out areas 
infested with invasive shrub Lantana when used with the appropriate techniques for 
mapping them in tropical forests. This study has also opened up the possibilities of 
future research building on the strong capability of segmentation for object definition, 
by exploring various parameters for segmentation, as well as testing different 
segmentation algorithms. Future work can also focus on exploring vegetation indices 
in much further detail, as well as considering non-orthogonal indices which may 
prove effective in separation of shrub vs canopy in a multi-season mode. Amongst 
possibilities for technique refinements, this research also suggests that given the 
increasing popularity and efficiency of object-based classifications, there is scope for 
developing some form of object-based accuracy assessments which would allow for a 
more faithful check on the patterns obtained from these classification procedures.   
This study has helped highlight the importance of VHR data and an object-oriented 
approach in marking out areas infested with invasive shrub species in a tropical dry 
forested landscape in the Western Ghats region of southern peninsular India. The 
success of the object-based approach is in the fact that although the shrub is small in 
size, the spatial resolution of the VHR data is fine enough to characterize the shrub 
within several pixels, which allows for separate objects to be delineated, even with 
their scattered occurrence within the forest. This mapping attempt is the first of its 
kind for mapping the invasive shrub Lantana in the Western Ghats, using a 
hierarchical object-oriented approach with VHR data, proving the potential of this 
methodology in implementation among tropical tiered forests. This study, is therefore 
a step forward in developing valuable future mechanisms to monitor understorey 
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shrubs in complex tropical forests, proving particularly effective for managing 
invasion at its early onset stages.  
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Chapter 6: Synthesis 
 
Ecosystems across the globe are complex as well as dynamic, and the arrival of 
invasive alien plants in newer habitats may signify transformations, especially in the 
context of global climate change. Combating the problem of invasive alien species is 
one of the foremost predicaments facing the preservation of biodiversity and habitats 
in global ecosystems. The scales at which large landscapes are being invaded — 
temporal and spatial — make it difficult for human intervention to counter the 
negative impacts within time frames that can mitigate them. Without comprehensive 
studies, progressive analytical thinking, and rapid adoption of new methods and 
technology, it will become increasingly tough to conserve habitats in their native 
form. Although invasion has been studied for over half a century now (Elton 1958), 
its recent recognition as a threat to continued safeguarding of native ecosystems 
(Convention on Biological Diversity 2009) has brought in more attention to the 
phenomenon and its alleviation. Inclusion of invasion control and eradication among 
the Aichi targets declared by the Convention on Biological Diversity (2009) for 
reducing direct pressures on biodiversity has made signatory nations proactive in 
defining laws or action against the threat of invasion (for e.g., see (European 
Parliament 2014)).  
In India no new laws for prevention and control of invasive alien species have been 
passed, although recommendations for such action have been made by scientists in the 
recent past (Khetarpal and Gupta 2006, Khuroo et al. 2011). Increased invasion in 
protected areas of India as reported by several researchers is however being 
recognized as a real threat to native ecosystems in protected areas in the country 
(Prasad 2009, Sharma and Raghubanshi 2010, Ramaswami et al. 2014). The need for 
action against invasion is recognized only in a few forest divisions such as the 
Wynaad FD (Wynaad Forest Department 2001), who propose regeneration of 
degraded forests in invaded areas, Jim Corbett National Park, where a strategy of 
cutting root-stock of Lantana stems was prescribed (Babu et al. 2009), and the Biligiri 
Rangaswamy Temple Tiger Reserve, where actual removal is taking place (Personal 
observation). Although many of these efforts against the spread of Lantana are being 
undertaken as corrective action in response to the large-scale and rapid spread of the 
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plant, it is imperative for land managers to monitor its proliferation in areas where it 
may not have appeared earlier, or may be in early stages of expansion.    
 With a view to developing a landscape level approach to monitoring invasion, I 
embarked on a systematic study to understand  RS mapping for invasion. First I 
reviewed a large quantity of recent literature on RS mapping of the invasion 
phenomenon in order to understand the possibilities that this technique may have to 
offer in the monitoring of invasion in landscapes (Chapter 2). From this review, 
having observed that invasion in tropical forests is largely in the subcanopy, and 
tackling it needs ground-based ecological insights into understanding behaviour of 
invasive alien plants for monitoring their spread, it seemed appropriate to focus on 
these aspects for further exploration. I chose a focal species — Lantana, that is 
notorious for its invasive behaviour across the globe as well as within India — to 
formulate a possible monitoring strategy. I then considered two ways of 
characterizing Lantana performance in relation to ground characteristics, which would 
help define possible ways of mapping and monitoring it using above-canopy RS data 
(Chapters 3 and 4). Finally, I attempted to detect understorey Lantana using an above-
canopy method of mapping using very high resolution (2 m) RS data (Chapter 5).  
Callaway and Maron (2006) have rightly said that research on invasions in the last 
few decades has brought together scientists from fields that earlier operated in 
isolation. Tackling invasion needs an integrated view wherein plant ecologists work 
together with wildlife biologists, landscape historians, anthropologists, managers, and 
planners to understand the processes, along with the patterns of invasion. The review 
on using RS for invasion studies (Chapter 2) also brings forth this issue in an 
integrative fashion. Having studied various habitats, plant life-forms and traits that 
yield well to RS mapping, I was able to identify gaps and challenges and trace new 
methods that are now being used for future management of invasions. I recognized 
that a multi-disciplinary approach with insights taken from plant ecology, RS science, 
modeling techniques, and a holistic ecosystem view of invaded landscapes would 
facilitate advancement of methods to monitor and combat invasion in an era of global 
change. From this learning, not only do I propose the coming together of various 
scientists in the fields of biology and ecology, but also those that work in the arenas of 
space technology, geosciences, physics, chemistry as well as computer modeling, to 
conduct interdisciplinary research on confronting this problem at all levels.  
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Among the solutions to myriad challenges presented by the invasion problem, Jeschke 
et al. (2012) have suggested testing of hypotheses that address invader-ecosystem 
interactions to improve our understanding of the phenomenon. Although it is 
important to study plant structure and physiology in order to understand its preferred 
niche, it is just as important to understand how invaders behave in their adopted 
foreign ecosystems. Conforming to this thought, this study looks into a multi-scaled 
analysis of ecosystem parameters that promote invasion and characterizes the invader 
behaviour locally across the manifold ecosystems in this landscape (Chapters 3 and 
4). Particularly, the results of the first study (Chapter 3) — which focused only on 
occurrence records of Lantana in relation to climatic, altitude and land cover type 
information  at different scales — indicated that largely deciduous forest, and 
specifically moist deciduous forest was highly supportive of Lantana presence. My 
field observations corroborated this result, and earlier studies have indicated similar 
outcomes. The second study on Lantana structure (Chapter 4) concentrated on the 
variability in Lantana structural attributes such as basal area, height and abundance, 
correlating it with the variation in the landscape environmental attributes such as 
elevation, moisture and overstorey canopy characteristics which included tree height, 
canopy openness and NDVI — a measure of vegetation greenness. While the canopy 
characterization variables taken together were able to contribute to a better portrayal 
of Lantana structure than most single individual variables, those that were proven 
good predictors in other areas (such as distance from streams in Mudumalai;  
Ramaswami and Sukumar (2014)) did not emerge as noteworthy in this study. These 
parts of the thesis contribute to a better understanding of Lantana behaviour in this 
Western Ghats biodiversity hotspot, enhancing our empirical knowledge of the 
environmental parameters that may be used to manage this invasive species, 
illustrative of  a solution provided by Jeschke et al. (2012). This work has also further 
highlighted that premise-specific sampling for particular environmental variables that 
may affect invasion and that can be measured from RS data, may help in associating 
the role of individual predictors to invasion. This learning has subsequently further 
aided in informing the RS methodology for mapping the species (Chapter 5).  
Many conservation ecologists have a landscape perspective on understanding how 
ecosystems work, and need to be preserved as dynamic functioning entities. However, 
their vision on monitoring may be limited to what ground data collection can provide 
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in terms of information, for answering ecological questions. For example, 
Lindenmayer and Likens (2010) explicitly define monitoring as "Repeated field-based 
empirical measurements [that] are collected continuously and then analyzed for at 
least 10 years." Again, for many managers of forested protected areas the only 
immediate way to monitor their landscapes is by conducting regular surveys in the 
field to keep a constant vigil on possible invasion. In large areas with inaccessible 
topographies, it becomes extremely time-, manpower- and resource-consuming to 
conduct repeated surveys, so much as to relegate it to fewer times over longer periods 
of time. In view of this, one may consider  Lindenmayer and Likens (2010) 
recommendation of an 'adaptive monitoring' approach, wherein well-developed 
partnerships between people with complementary skills are used for integrating 
knowledge from different fields. This thesis has pointed towards a way to take a small 
amount of pertinent ground information from periodic field surveys of the 
understorey, and utilize it along with RS data for repeated monitoring from above the 
canopy.  
 
My research has helped point out some areas where further studies can build stronger 
bridges between in-field ecological and synoptic-view RS approaches to monitoring 
invasion. Since archival and temporal RS data are now available, change detection 
studies on long-term invasion may yield some information on spread rates within the 
landscape. Basing my methodology on the use of some techniques which had proved 
successful in other tropical areas (Chapter 2), I decided to utilize very high resolution 
(VHR) RS data and an object-oriented technique which would allow easy delineation 
of Lantana in the complex tiered forest of BRT TR. The object-oriented approach 
facilitated the use of ground-based structural information of not only Lantana but also 
other cover types within the landscape that could be distinguished easily with a 
segmentation technique. Although successful attempts at Lantana mapping across the 
world have achieved it at higher accuracies, these have been done primarily for 
secondary forests or contiguous stands of Lantana (Taylor et al. 2011). Understorey 
Lantana has been delineated elsewhere in India using seasonal RS data or indices 
(Kandwal et al. 2009), but in this study the object-oriented approach in a multi-season 
mode has helped separate out shrubs in a more spatially explicit way, with reduction 
of ‘salt-and-pepper’ effect that pixel-based approaches inherently bring in. This is the 
first attempt at delineating understorey Lantana in the Western Ghats biodiversity 
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hotspot using VHR data with an object-oriented approach. Further refinement of 
object-based techniques such as segmentation, rule definition, and object-based 
accuracy assessment methods can aid in developing methodologies that can be 
effortlessly adopted by managers for direct intervention in the landscape.   
The BRT TR landscape is an important site for the persistence of wildlife populations 
in this region. Field-based invasion studies in the BRT TR have now been carried out 
over a period of more than a decade. Sundaram's work (2011) has indicated the 
possible detrimental ecological impacts of Lantana invasion. Although the managers 
of the BRT TR have begun operations such as Lantana removal along roads, as well 
as in experimental plots (Personal observation), a systematic monitoring mechanism 
for decisive and focused management strategies has not yet been attempted. Among 
the predominantly dry forests of the TR, this study highlights the importance of moist 
deciduous forests as a habitat where Lantana spread is profuse and abundant. It also 
provides a possible landscape-scale method for delineating and prioritizing locations 
in the TR where managers can deploy resources or plan control strategies.   
RS studies are dependent on availability of good quality cloud-free data for the 
desired temporal domain, along with advanced software and some degree of technical 
expertise. The caveat is that all of these may not always be easily available to land- 
managers or decision-makers in several regions. In India, acquiring high-resolution 
data is extremely difficult due to the restrictions placed on data acquisition from 
airborne systems, as well as security regulations on satellite-derived VHR data. This 
study was made possible as a part of a three-year research project (BIO_SOS, 2010-
2013) of the European Union Seventh  Framework Program, which allowed access to 
data and software, and hence made a major part of the RS analysis possible.  
Collaborations across different organizations — government and private — within the 
nation or among different nations can provide solutions to these problems facilitating 
data sharing, and cooperative use of expertise.  
Conservation of ecosystems and plant communities in their native habitats and states 
is imperative to the survival of most wild species. Invasion is a recognized hazard to 
the persistence of biologically diverse communities, and threatens to bring about 
permanent changes in not only the physical landscapes, but also the functioning of 
ecosystems. It is therefore imperative that systematic mechanisms for monitoring are 
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put in place, with integrative collaborative work amongst scientists and practitioners 
in diverse fields. This research is a contribution towards building methodologies that 
can be adopted in order to reach that goal.   
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